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Abstract

Evaluation leaderboards such as LM Arena play a
central role in benchmarking large language mod-
els by aggregating pairwise human preferences
into model rankings, yet the robustness of these
rankings remains poorly understood. We present
a unified perturbation framework for analyz-
ing Bradley—Terry leaderboards under structured
data modifications using influence-based approx-
imations. Our framework studies three match-
level perturbations— Drop , Add,and Flip —
together with player removal, and evaluates their
effects on fop-k membership, global ranking con-
sistency via Kendall’s T, and confidence-interval-
based uncertainty. Across Chatbot Arena and six
additional pairwise-comparison datasets, we show
that modern leaderboards are non-robust across
all three objectives: sub-1% targeted perturba-
tions can change the top-ranked model, degrade
Kendall’s T, and alter confidence intervals. Be-
yond robustness auditing, we show that the same
influence scores enable efficient targeted pertur-
bations, promoting or demoting specific models
and reducing target-model uncertainty with fewer
actions than previous manipulation and active-
sampling baselines. By summarizing these effects
with normalized dataset-level robustness scores,
our framework provides a practical and helpful
tool for auditing leaderboard stability and moti-
vating more robust evaluation protocols.

1. Introduction

The rapid proliferation of Large Language Models (LLMs)
has necessitated the development of scalable, human-centric
evaluation frameworks (Frick et al., 2025; Miroyan et al.,
2026; Zheng et al., 2023; Guo et al., 2023). Because the
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quality of open-ended generation is subjective and hard to
capture with a single absolute metric, modern platforms
have increasingly adopted pairwise preference comparisons,
where judges choose between two model outputs. In systems
such as LM Arena/Chatbot Arena, these preferences are pri-
marily collected from human voters (Chiang et al., 2024a),
though LLM-based judges are also increasingly used in re-
lated evaluation settings (Zheng et al., 2023). This paradigm
builds on a classical approach for ranking items from direct
comparison outcomes (Bradley & Terry, 1952; Negahban
et al., 2017; Wauthier et al., 2013; Shah & Wainwright,
2018), but has recently become a central pillar of LLM
benchmarking (Zheng et al., 2023; Chiang et al., 2024a).
Most notably, Chatbot Arena (Chiang et al., 2024b) uses
Bradley—Terry scores derived from crowdsourced votes to
produce model rankings. Beyond leaderboard evaluation,
Bradley—Terry models are also underpinned to reward model
training for RLHF (Ouyang et al., 2022; Bai et al., 2022; Lee
et al., 2024; Touvron et al., 2023; Xu et al., 2024; Sun et al.,
2025) and have been used to route queries to suitable LLMs
or inference-time scaling strategies (Damani et al., 2025).
As these leaderboards increasingly shape model adoption
and industry recognition (Metz, 2025; Kruppa, 2024; Singh
et al., 2025), they are often treated as stable estimates of
true model skill.

Recent work challenges this assumption (Huang et al., 2026;
Min et al., 2025; Huang et al., 2025a; Singh et al., 2025;
Wu et al., 2022). Huang et al. (2026) show that removing
only a small number of pairwise comparisons can alter top
rankings, while other studies identify vulnerabilities from
injected votes (Min et al., 2025), gamed LLM judges (Zheng
et al., 2025; Raina et al., 2024), apathetic or arbitrary an-
notators (Zhao et al., 2025), and data leakage or selective
reporting (Singh et al., 2025). However, existing analyses
typically focus on a single perturbation type or ranking
objective. This leaves open a broader question: how do dif-
ferent small, structured changes to the comparison dataset
propagate through different leaderboard outcomes? We ad-
dress this question by building on (Huang et al., 2026)’s idea
with a unified influence-based perturbation framework for
Bradley-Terry leaderboards. Our framework treats dataset
modifications as structured interventions and propagates
their effects through the ranking estimator to downstream
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leaderboard conclusions. This allows us to study both ro-
bustness failures and targeted interventions within the same
formalism, including match-level perturbations and player-
level removal motivated by model deprecation or exclusion.

Our main contributions are:

* We introduce a unified influence-based framework
for auditing Bradley-Terry leaderboards under three
match-level perturbations— Drop , Add,and Flip —
instantiated for three ranking objectives: top-k member-
ship, Kendall’s T for global consistency, and confidence-
interval-based uncertainty for the reliability of estimated
skills.

Across seven pairwise-comparison datasets, we show that
leaderboard non-robustness is systematic across datasets,
perturbation type, and ranking criteria: fewer than 1%
of comparisons substantially affect top-k membership,
Kendall’s T, and Cl-based stability. We also aggregate
influence-guided failures into normalized dataset-level
robustness scores, giving a compact audit profile across
Top-k, Cl-aware, and global-ranking views.

* The same framework supports targeted interventions, pro-
moting or demoting specific models with fewer actions
than prior vote-manipulation (Min et al., 2025) and identi-
fying matchups that reduce uncertainty more effectively
than Chatbot Arena-style active sampling (Chiang et al.,
2024b).

* A player-removal analysis shows that removing influential
players can induce broad reordering, highlighting model
deprecation as a source of the leaderboard illusion (Singh
et al., 2025).

Overall, this work provides a unified perspective on leader-
board non-robustness by bridging robustness analysis and
adversarial manipulation, revealing fundamental limitations
in current leaderboard designs and highlighting the need for
more reliable and trustworthy benchmarking methodologies.

2. Preliminaries

2.1. Pairwise comparison and Bradley-Terry
framework

Modern LLM leaderboards rank models from pairwise pref-
erence data rather than absolute scores. In this setting, each
player denotes an entity being ranked; for LLM leader-
boards, a player corresponds to an LLM or model. A match
or vote denotes one pairwise comparison between two play-
ers, typically obtained when a human or judge compares
two model responses to the same prompt and selects the pre-
ferred output. These comparisons are commonly modeled
using the Bradley—Terry (BT) framework (Bradley & Terry,
1952), which estimates latent skill scores from pairwise

outcomes.

We adopt the notation of (Chiang et al., 2024a), defining
a set of M models M = {mj,...,my/} and a dataset
D = {z,}}_,. Each observation z,, = (z,,,y,,) compares
two players (iy, j,), where z,, = e;, —e;, € RM encodes
the matchup and y,, € {0, 1} indicates whether 7,, beats j,,.
For a comprehensive breakdown of the data format and our
specific protocol for handling ties, please refer to Appendix
B.1.

The BT model assigns each model m; a scalar latent skill
coefficient §; € R. For comparison n, let (¢, j) denote the
ordered pair of models being compared, and let y,, = 1
indicate that model ¢ is preferred to model j. The Bradley—
Terry probability is

Pn = Plyn =111,5;6)

:U(ng)za(ei_ej) 1))
B 1
B 1+e_(9i_9j)'

To ensure identifiability against constant shifts, we fix 6; =
0. The parameter vector 6 is estimated by minimizing the
empirical binary cross-entropy loss:

N
0 = arg min Z U(zn;0)
n=1
N @)
= arg meln; [ — yn log pn

- (1 - yn) log(l - pn)]

2.2. Influence functions and propagation to objectives

Previous work has used influence scores to identify high-
impact deletions under a fixed budget (Broderick et al.,
2025). Building on this idea, we study how perturbing
individual BT comparisons affects both the estimated skills
and downstream leaderboard conclusions. Let w € RY
denote match weights and define the weighted BT estimator
N
(w) = arg min Z wpl(zn;0), 3)

9:91:0 n=1

where w = 1 gives the full-data fit and w,, = 0 re-
moves match z,,. Let § = é(l) gn = Vgé(zn;é), and
H =V} ZnN:1 (zy; 0). Influence functions approximate
the local effect of changing a match weight without refit-
ting (Koh & Liang, 2017):

d0(w)

B =—H"gn. )

w=1

We propagate this parameter sensitivity to a scalar leader-
board objective f(6(w),w), such as a top-k membership,
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Kendall’s T surrogate, or confidence-interval-based uncer-
tainty criterion. Allowing explicit dependence on w captures
objectives, such as uncertainty, that change directly with the
weighted comparison graph. The objective-level influence
of match z,, is

+00(w)
Oown,

| 04 (B(w).w)

Oown,

I = Vo f(O(w), w)

3

N

F(O(w + Aw), w4+ Aw) ~ f(B(w), w) + Z Aw, I\,
n=1
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In the leaderboard setting, Huang et al. (2026) instantiate
this idea with fop-k membership objectives f(6) = 0, — 6;
across top-k boundaries, showing that dropping a small
number of preference votes can change top-ranked member-
ship. We generalize this view by decoupling the perturbation
mechanism from the audited objective: the same propaga-
tion rule applies to multiple leaderboard objectives and, later,
to Drop, Add,and Flip actions. Because our actions
are finite rather than infinitesimal, we follow (Huang et al.,
2026) use a one-step Newton (1sN) refinement to partially
account for curvature changes in the perturbed objective;
details are in Appendix B.2.

3. Influence framework

The goal of our framework is to systematically quantify
how perturbations to the leaderboard dataset D propagate
to downstream ranking objectives, with an overview of the
framework shown in Figure 1.

3.1. Action space

We consider three fundamental actions that characterize
the ways a leaderboard can be manipulated. Each action
corresponds to a specific modification of the weighted M-
estimator defined in Eq. 3.

Action 1: Match Dropping ( Drop ). Following prior work
that uses influence methods to show that LLM leaderboards
are non-robust to small amounts of data removal (Huang
et al., 2026), we model dropping a match z,, € D as setting
its weight from w,, = 1 to w,, = 0. The effect of this single
perturbation on a downstream objective is approximated
using influence as:

Afdrop,n ~ _2-7(Lf)- (6)

Action 2: Match Addition (Add ). Adding a match in-
volves selecting a candidate zpe,, and increasing its weight
from wyew = 0 toward 1. Specifically, we define our candi-
date set as the union of the current dataset (where w,, = 1)
and all possible pairs (where w,, = 0). We then identify
which wyey, to shift from zero to one based on its estimated

influence on the objective:
Afadd,new ~ (+1) Irgvs)/’
I) = —Vof TH 'Vl (2new; 0)

of
i (awnew) '

This action models different levels of control over the added
data, from benign data collection to stronger manipulation.
We consider three candidate spaces of increasing control:

where

N

« all_pairs: Lowest control. The method selects an un-
ordered pair (i, j), but the outcome is fixed by the esti-
mated skill ordering, modeling data collection without
outcome control.

* all_outcomes_weighted: Intermediate control. Both
outcomes (¢ > j and j > 7) are considered separately,
and each outcome’s effect is weighted by its BT proba-
bility. These probability-weighted outcome scores are
used for scoring and selection only.

* all_outcomes: Strongest control. Both outcomes are
treated as separate candidates, allowing the method to
select the outcome with largest effect, modeling stronger
manipulation.

Action 3: Outcome Flipping (F1lip ). Reversing the out-
come of match z,, to z/, (where y/, = 1 — y,,) is equivalent
to simultaneously dropping the original and adding the re-
versed match:

Afuipn ~ I — D). ®

Zn

We use Flip primarily as a counterfactual robustness,
explanation, and manipulation action, measuring how a
leaderboard conclusion would change if an observed com-
parison had resolved in the opposite direction (Pearl, 2009;
Wachter et al., 2018). This explains which outcomes most
support the current ranking and which reversals would most
effectively manipulate it.

3.2. Objectives

We characterize leaderboard robustness and sensitivity
through three distinct classes of objectives. These scalar
functionals, f(6,w), allow us to quantify how data pertur-
bations propagate to specific ranking outcomes, from local
skill gaps to global ranking consistency and statistical un-
certainty.

Top-k Membership Objective / Gap Objective (fop-k
membership). The top-k membership objective (gap ob-
jective), following prior work on leaderboard robustness
(Huang et al., 2026), measures the difference in estimated
skill between two models, which drives rank ordering and
top-k membership. For a target pair (i, ), it is defined as:
(the derivative is given in Appendix B.4)

foap(0) = 6; — 0. C)
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Figure 1. Overview of the framework: influence scores are computed for each action type (Drop , Add, Flip ) and propagated
through the Bradley—Terry estimator to ranking objectives (fop-k membership, confidence-interval-based uncertainty, Kendall’s T).

Statistical Uncertainty Objectives (confidence-interval-
based uncertainty). A confidence interval (CI) quantifies
uncertainty around an estimated leaderboard skill, indicating
how precisely a model’s latent strength is identified from the
comparison data. We use a local information approximation
motivated by the BT uncertainty analysis of (Gao et al.,
2023), where the coordinate-wise uncertainty of the MLE
is governed by the inverse local Fisher information of each
player.

For each unordered pair (7, §), let p;; = o(6; — 6;) and
vij = pij(1 = pij). Letwij = 32,0 o4 5y Wa de-
note the total comparison weight assigned to the unordered
pair {i,j}. We define the local information of player i as
pi(w) = 3, wijuij. Intuitively, p7(w) is large when
player ¢ has many informative comparisons, leading to
smaller uncertainty. Following this local-information view,
we use its inverse as a scalable proxy for player-wise vari-
ance and define

fCI—player (7;; w) =

1 Mo
[312 (’LU)’ fCI-trace(w) = Z Az(w)-

(10)
The first objective measures uncertainty for a target player,
which we use for targeted CI reduction, while the second
provides a trace-style proxy for global leaderboard uncer-
tainty. These objectives depend both on 6 and explicitly
on the comparison weights w; their corresponding direct
weight derivatives are given in Appendix B.4. We discuss

the relation between this Gao-style local approximation
and the more general sandwich covariance estimator in Ap-
pendix B.6.

Global Ranking Consistency (Kendall’s 7). To evaluate
how perturbations affect the entire leaderboard structure, we
use a smooth surrogate of Kendall’s T correlation against a
reference ranking 7 (which is the ranking from BT fitted on
the whole initial dataset). Since the discrete Kendall’s T is
non-differentiable, we employ a tanh-based relaxation:

2 ea - eb
fT’T(a,ﬂ') = m azd)sab tanh (T) 5

(11)
where s, € {—1,+1} encodes the relative order of items
a and b in the reference 7, and 7' is a temperature parameter.
As T — 0, this objective converges to the discrete Kendall’s
7. This differentiable form allows us to compute influence
scores L(LT’T) to identify which specific comparisons most
heavily affect overall ranking consistency. The derivative is
given in Appendix B.4.

3.3. Player-level influence

Following Giordano et al. (2019), we extend influence func-
tions from individual matches to structured group perturba-
tions. For a subset G C {1,..., N} of matches, such as all
matches incident to a given player, the first-order change in
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the BT estimator is

Mg~ S Aw, ag;w)
neg " (12)
= —H(w)™ ! Z Aw, Vgl (zy; 0(w)).

neg

We then propagate Afg through a scalar objective f(6,w)
as in Eq. 5, yielding a player-level influence score from the
aggregate contribution of that player’s incident matches.

For player-removal analysis, we additionally use a grouped
Newton refinement: after the first-order grouped deletion
step in Eq. 12, we take one Newton correction on the re-
maining comparison data. This is analogous to the 1sN cor-
rection for single-match perturbations, but applied jointly
to all matches incident to the removed player; details are in
Appendix B.3.

4. Experiments

Dataset. Our primary evaluation wuses Arena-
55K (LMArena Al, 2024) (64 LLMs, 55k human
votes), a subset of Chatbot Arena (Chiang et al., 2024a). We
additionally evaluate on six pairwise-comparison datasets:
Chatbot Arena LLM Judges and MT-Bench Human
Evaluation (Zheng et al., 2023), Vision Arena (Chou
et al., 2025), WebDev Arena (Vichare et al., 2025),
NBA Elo Top-50 (FiveThirtyEight, 2025), and ATP
Tennis Top-10 (Sackmann, 2024). Dataset details are in
Appendix A.1.

Experimental protocol. Unless otherwise stated, we
greedily select perturbations using influence scores under
a fixed budget, without refitting during selection. We re-
fit after the selected perturbations to report the exact post-
perturbation leaderboard and success conditions, though
these checks could be monitored by influence estimates.
Full algorithms are provided in Appendix B.5.

4.1. Match analysis

We study how individual matches affect leaderboard out-
comes along two axes: (i) a robustness question: how many
perturbations are needed before a criterion changes?, and (ii)
a manipulation question: can we steer ranking or confidence
towards a desired outcome?

4.1.1. ROBUSTNESS ANALYSIS

Top-k membership robustness Following Huang et al.
(2026), we measure the minimum number of match pertur-
bations required to change the composition of the top-k set.
We instantiate our framework with the gap objective fgap
and score all actions candidates by their predicted effect

on crossing a top-k boundary. Starting from the original
leaderboard, we greedily apply the highest-influence action
until the top-k set changes or until reaching a budget of 5%
of the dataset is reached.

Table 1 reports the minimum influence-guided actions
needed to change the Top-1 model. On major LLM leader-
boards, fewer than 1% targeted actions suffice (e.g., 3
Flip or5 Drop on Arena 55k). Across datasets, F1lip

is the most action-efficient perturbation, follows by Drop

while Add variants typically require larger budgets or re-
main robust within the budget. We ablate the effect of
varying k on Arena 55k in Appendix E.2.

CI-aware Top-k membership robustness We extend the
Top-k robustness analysis to incorporate estimation uncer-
tainty. For a chosen boundary rank k, we augment the usual
membership objective with confidence bounds: we fix the
boundary pair consisting of the model currently ranked &
and the model currently ranked k 4 1, and compare the
upper confidence bound of the rank-k model to the lower
confidence bound of the rank-(k + 1) model. A perturba-
tion is declared successful only if, after refitting, the rank-
(k 4+ 1) model is not merely above the rank-k model in
point estimate, but is strictly above under uncertainty as
well, meaning that its lower CI bound exceeds the rank-k
model’s upper CI bound. This strict CI-aware criterion is
therefore stronger than an ordinary non-Cl-aware (point-
estimate) Top-k membership; the algorithm and an example
are given in Appendix B.5, D.3.

Table 2 compares the minimum number of influence-guided
actions needed under point-estimate and CI-aware criteria,
using per dataset boundary rank k for each dataset. Account-
ing for uncertainty increases the required budget, but does
not make the leaderboard robust. CI-aware criteria require
on average 13x more actions than point-estimate changes,
yet several datasets remain non-robust within the allowed
budget. Drop and Flip remain the most effective ac-
tions, while Add variants often require larger budgets or
remain robust within the budget.

Global ranking robustness (Kendall’s 7). Beyond lo-
cal boundary changes, we score candidates using the f.
surrogate and apply actions greedily, comparing against
random selection (Figure 2, left). Influence-guided Flip

causes the steepest 7 degradation, while Drop is notice-
ably more conservative and Add variants cluster at inter-
mediate degradation. In all cases, random selection barely
moves 7, confirming that influence-guided selection is essen-
tial, random perturbations are insufficient to disrupt global
ranking even at budget 30. Results for all datasets are in
Appendix D.2.
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Table 1. Minimum influence-guided actions needed to change the Top-1 model under a 5% budget. Percentages are relative to total

matches; robust means no change within budget.

Dataset Dataset size Drop Flip Add-pairs Add-outcomes Add-weighted
Arena 55k 57,477 5(0.01%) 3(0.01%) 9 (0.02%) 9 (0.02%) 9 (0.02%)
Arena LLM-J 49,938 9(0.02%) 6(0.01%) 22(0.04%) 21 (0.04%) 21 (0.04%)
MT-Bench 3,355 92 (2.74%) 46 (1.37%) robust robust robust
NBA Top-50 109,892 24 (0.02%) 15(0.01%) 77 (0.07%) 55 (0.05%) 57 (0.05%)
ATP Top-10 278 6(2.16%) 3 (1.08%) robust 9 (3.24%) 14 (5.00%)
Vision Arena 29,849  50(0.17%) 25 (0.08%) robust robust robust
WebDev Arena 10,501 179 (1.70%) 12 (0.11%) robust robust robust

Table 2. Minimum number of actions needed to change the top-k boundary under point-estimate / CI-aware criteria (percentages relative
to total matches) with 95% confidence level and a 5% perturbation budget. Across datasets, the CI-aware criterion generally requires
substantially more actions than the point-estimate criterion. robust: target not changed within the 5% budget.

Dataset

Dataset size & Drop (point-estimate / CI-aware) Flip (point-estimate / CI-aware)

Add-pairs Add-outcomes Add-weighted

Arena 55k 57,477 22 2(0.00%) / 19 (0.03%)
LLM Judge Arena 49,938 31 1 (0.00%) / 31 (0.06%)
MT-Bench 3355 2 13 (0.39%) / 62 (1.85%)
NBA Top-50 109,892 8 2 (0.00%) / 46 (0.04%)
ATP Top-10 278 8 1 (0.36%) / robust
Vision Arena 29,849 14 4(0.01%) /43 (0.14%)
WebDev Arena 10,501 12 3(0.03%) / 342 (3.26%)

1 (0.00%) / 12 (0.02%) 2 (0.00%) /39 (0.07%) 2 (0.00%) /26 (0.05%) 3 (0.01%) /28 (0.05%)
1(0.00%) / 17 (0.03%) 1 (0.00%) / 50 (0.10%) 1 (0.00%) /32 (0.06%) 1 (0.00%) / 45 (0.09%)
7(0.21%) / 33 (0.98%)
1 (0.00%) / 25 (0.02%)

1 (0.36%) /7 (2.52%)
3(0.01%) /33 (0.11%)
2(0.02%) /23 (0.22%)

robust / robust

6 (0.01%) / robust
1 (0.36%) / robust
10 (0.03%) / robust
10 (0.10%) / robust

robust / robust
3 (0.00%) / robust
1 (0.36%) / robust
5 (0.02%) / robust
6 (0.06%) / robust

robust / robust
5 (0.00%) / robust
1 (0.36%) / robust
6 (0.02%) / robust
7 (0.07%) / robust

Confidence-interval-based uncertainty robustness. We
next evaluate how perturbations affect global leaderboard
uncertainty. Using fcriace to score candidates and applying
actions greedily (Figure 2, right), the action-type ordering
reverses: Add variants yield the steepest uncertainty reduc-
tion, reaching roughly —1% of the initial trace by budget 25,
about an order of magnitude larger than Drop or Flip.
In contrast, random additions slightly increase uncertainty,
as they tend to introduce less-informative comparisons. Re-
sults for all datasets are in Appendix D.2.

From influence scores to leaderboard audits Beyond
identifying non-robustness, we define normalized dataset-
level robustness metrics that summarize influence-guided
failures as audit signals. These metrics measure either the
budget needed to change a leaderboard conclusion, as in Top-
1, or the normalized magnitude of change, as in Kendall-7
and confidence interval stability, Appendix D.1 gives the full
metric definitions. Table 3 reports these scores for all seven
dataset. Lower values indicate less robustness. Based on
R.11, MT-Bench is the most robust dataset, followed closely
by NBA Top-50 and the arena-style LLM datasets, whereas
ATP Top-10 and WebDev Arena are least robust overall due
to lower global-ranking stability.

Top-k entry and removal. We use Top-£ entry and re-
moval as targeted manipulation tasks: promotion moves an
outside model into the Top-k set, while demotion pushes
an inside model out. We evaluate both under a sequentially
revealed stream of candidate comparisons. For each dataset,
we partition the leaderboard into top, middle, and lower skill
regions and sample one boundary rank from each region;
promotion targets rank (k + 1) and demotion targets rank
k. We compare our influence-guided policy with an omni-

rigging baseline (Min et al., 2025) under the same exposed
stream, where each method may discard a pair, accept ei-
ther directional outcome, or encode a tie; full details are in
Appendix B.5. Our method uses a dynamic boundary-gap
objective, recomputing the boundary opponent after each
accepted perturbation and selecting the action with largest
predicted influence on the current gap.

Figure 3 shows that the influence-guided policy typically
achieves targeted promotion and demotion with fewer ac-
tions than the omni-rigging baseline across most datasets.
Across datasets, influence-guided selection uses about 74 ac-
tions on average, compared with about 92 for omni-rigging,
a roughly 19% reduction. This indicates that directly op-
timizing the current top-k boundary gap is more efficient
than locally greedy rank manipulation.

CI reduction for a target model From a leaderboard
provider’s perspective, we study whether the framework
can constructively reduce the confidence interval of a tar-
get model m*. We use the target uncertainty objective
fct-player(m™*) and restrict the action space to Add, se-
lecting candidate additions with the most negative predicted
influence. We compare influence-guided Add with the
all_pairs candidate space against Random and Arena
Active (Chiang et al., 2024b); Random samples pairs uni-
formly, while Arena Active prioritizes target-involving un-
certain comparisons. After selecting a pair, all methods
assign the outcome by the current BT skill ordering, refit
after each addition, and measure target-model CI reduction.

For each dataset, we choose three target players from the
top, middle, and lower skill regions and run each method for
12 Add actions. Table 4 reports %ACI = 100 x (final —
initial) /initial, averaged over targets; more negative values
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(a) Global ranking robustness (Kendall’s T).

Chatbot Arena 55k: trace uncertainty proxy vs actions (recomputed influences)
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Figure 2. Global ranking and uncertainty robustness on Chatbot Arena 55k under budgets of 30 actions for global ranking and 25 for
uncertainty (solid = influence-guided, dashed = random). Left: Influence-guided Flip causes the largest degradation (7 ~ 0.985),
while Drop is more conservative (7 =~ 0.994); random baselines remain near 1.0. Right: Influence-guided Add reduces trace
uncertainty by up to &~ —1%, whereas random actions slightly increase it.
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Figure 3. Mean intervention actions per run for pairwise influence
versus the rigging baseline. Error bars show variability across
repeated trials. Each run is capped at 120 exposed pairs.

indicate larger uncertainty reduction. Averaged over all re-
sults, influence-guided sampling produces a larger CI-width
reduction than Arena Active and Random, showing directly
optimizing the target CI objective is more informative than
Arena-style heuristics.

4.2. Player removal analysis

Beyond individual match perturbations, we consider player
removal: dropping all matches of a given model, as occurs
when models are retired, deprecated, or excluded from eval-
uation. Prior work on the leaderboard illusion (Singh et al.,
2025) shows that excluding models can qualitatively change
which remaining models appear superior; we quantify this
effect systematically. We use our influence framework to
rank all players by predicted |7|-influence and validate by
removing the most influential player in each dataset and mea-
suring the resulting Kendall’s T shift. Table 5 shows that
removing an influential player can induce broad reordering,
moving up to 28 players, shifting ranks up to 13 positions,
and changing up to 6 top-10 memberships. Connectivity is
the strongest and most consistent predictor (Appendix E.3).

Table 3. Dataset-level robustness scores across the Top-1, CI views,
and global ranking. Lower values indicate less robustness under a
5% data budget. Bold marks the most robust dataset.

Dataset RTop-l Rci R R.n
Arena 55k 0.001 0976 0993  0.656
Arena LLM-J 0.000 0.975 0.992  0.656
MT-Bench 0.048 0955 0985  0.662
NBA Top-50 0.003 0.992 0982  0.659
ATP Top-10 0.072 0810 0474 0452
Vision Arena 0.003 0.976 0.991 0.657
WebDev Arena 0.004 0579 0.782  0.455
5. Related work

Ranking systems and evaluation leaderboards. The
Bradley—Terry model (Bradley & Terry, 1952; Hamilton
etal., 2025; Fang et al., 2026) and related models like Elo rat-
ing systems (Boubdir et al., 2024; Liu et al., 2025), form the
basis of modern probabilistic ranking. Maximum-likelihood
estimation and uncertainty quantification for BT models are
well-studied (Hunter, 2004; Bong & Rinaldo, 2022; Gao
etal., 2023; Fan et al., 2024), with spectral and sorting-based
methods providing efficient alternatives (Negahban et al.,
2017; Wauthier et al., 2013). In LLM evaluation, pairwise
preference aggregation has become central through Chatbot
Arena (Chiang et al., 2024b), with recent work improving
statistical reliability (Ameli et al., 2025; Gao et al., 2025)
and studying evaluation bias (Daynauth et al., 2025; Levtsov
& Ustalov, 2025).

Leaderboard robustness and manipulation. Benchmark
rankings can be sensitive to dataset shifts, benchmark over-
fitting, and small comparison perturbations (Boubdir et al.,
2024; Huang et al., 2026; Singh et al., 2025). The leader-
board illusion (Singh et al., 2025)shows that benchmark
rankings can be distorted by selective disclosure, private
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Table 4. Percent change in target-model CI width after 12 targeted
actions, %ACI = 100 x (final — initial) /initial. More negative
is better.

Table 5. Most-influential-player ablation results. We remove the
player with largest influence and all associated matches, then mea-
sure changes.

Dataset Influence-based Arena Active Random
MT-Bench -0.27 £ 0.05 -0.25 4+ 0.07 -0.08 + 0.03
WebDev Arena -0.28 £0.05 -0.39 £ 0.23 -0.02 + 0.00
Vision Arena -0.17 £ 0.12 -0.16 =0.11 -0.01 £ 0.01
Arena LLM-J -0.47 £0.25 -0.30 £0.11 -0.00 £ 0.00
Arena 55k -0.72 £ 0.22 -0.54 £ 0.28 -0.01 & 0.01
NBA Top-50 -0.33 £ 0.09 -0.29 £ 0.05 -0.01 £ 0.00
All datasets -0.37 £ 0.13 -0.32 £0.14 -0.02 & 0.01

testing, uneven data allocation, and model inclusion or
exclusion decisions; while vote manipulation and adver-
sarial leaderboard attacks expose additional manipulation
risks (Min et al., 2025; Huang et al., 2025b; Suri et al.,
2026). Related theory studies robustness of estimators to
sample removal (Azar et al., 2025; Broderick et al., 2025),
and recent uncertainty-aware ranking methods propose rank
sets or confidence diagrams (Chatzi et al., 2024; Wang et al.,
2025). Our work provides a unified framework covering
match addition, removal, and flipping, extending prior work
that typically studies one perturbation type or one objective.

Explainability and data attribution. Data attribution is
a central tool for explaining model behavior by assign-
ing importance scores to individual training examples or
groups of examples. Existing approaches include Data Shap-
ley (Ghorbani & Zou, 2019), TracIn (Pruthi et al., 2020),
and TRAK (Park et al., 2023), which quantify how train-
ing data contributes to model predictions or learned repre-
sentations; see Hammoudeh & Lowd (2024) for a survey.
Influence functions are another classical approach to data
attribution, estimating the effect of training points on model
parameters without retraining (Koh & Liang, 2017; Preg-
ibon, 1981), with roots in robust statistics (Huber, 1967,
Freedman, 2006). Extensions include infinitesimal jack-
knife (Giordano et al., 2019), group influence methods (Koh
et al., 2019), second-order approximations (Basu et al.,
2020), and analyses of when influence estimates are re-
liable (Bae et al., 2022). We build on this line of work by
propagating influence scores to leaderboard-specific objec-
tives.

6. Conclusion, limitations, and future work

We introduced a unified influence-based perturbation frame-
work for evaluating Bradley—Terry leaderboard stability and
manipulation. Across seven datasets, we show that leader-
board conclusions are fragile: Top-1 membership changes
with fewer than 1% targeted actions on major LLM leader-
boards, CI-aware Top-k changes require larger budgets but
remain vulnerable, and removing highly connected play-

Dataset AT Moved Max Shift Top-10 Removed %
ATP Top-10  -0.167 2 2 2 24.1%
MT-Bench 0.000 0 0 0 30.3%
WebDev -0.091 5 2 4 23.2%
Vision -0.050 2 2 0 14.1%
Arena LLM-J -0.023 25 5 4 6.2%
Arena 55k -0.030 28 10 5 6.2%
NBA Top-50 -0.053 27 13 6 0.5%

ers can induce broad rank shifts. Our normalized dataset-
level robustness scores summarize these effects across Top-
k, Cl-aware, and global-ranking views. Overall, expert-
curated MT-Bench is generally more robust, while crowd-
sourced arena-style leaderboards are more sensitive; among
actions, Flip is usually most effective for changing rank-
ings, whereas Add is most useful for reducing uncertainty
through targeted data collection. Beyond auditing, the same
framework enables targeted manipulation: influence-guided
actions promote or demote selected models with fewer inter-
ventions than the omni-rigging baseline, while supporting
constructive uncertainty reduction through comparisons that
narrow confidence intervals more effectively than Arena-
style sampling.

Our analysis has several limitations. Influence estimates are
local approximations and may be less accurate under large
perturbation budgets or highly nonlinear ranking changes.
Our uncertainty objectives use scalable BT-based proxies,
which do not capture all sources of annotation noise, judge
bias, prompt-level dependence, or model-specific evaluation
artifacts. Future work should study higher-order attribu-
tion methods, outlier-robust BT estimators, and sample-
complexity guarantees for leaderboard stability. Another
important direction is to better understand what makes a
match, player, or dataset highly influential or robust. Fi-
nally, the framework can be extended as a defensive tool,
where low robustness scores or highly influential compar-
isons trigger conservative reporting, targeted data collection,
or delayed updates, rather than being treated as evidence of
invalid data.

Impact Statement

This paper studies the robustness and manipulability of
pairwise-comparison leaderboards used for benchmarking
large language models and other ranked systems. Our find-
ings show that widely used leaderboards can be perturbed
with small, targeted modifications, which has dual-use im-
plications: the same techniques that enable auditing for
fragility could in principle be used to manipulate rankings.
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We highlight this tension explicitly and frame the frame-
work as primarily an auditing and defensive tool, where
low robustness scores or highly influential comparisons can
motivate conservative reporting, targeted data collection,
or delayed updates. More broadly, we believe that expos-
ing these vulnerabilities promotes more reliable evaluation
protocols and better-calibrated trust in benchmark-driven
model adoption decisions. There are many potential societal
consequences of advancing the field of Machine Learning,
none which we feel must be specifically highlighted here
beyond the considerations above.
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A. Datasets
A.1. Dataset descriptions

We evaluate our framework on seven pairwise comparison datasets spanning LLM evaluation and sports ranking.

Chatbot Arena 55k. A crowdsourced platform where users simultaneously interact with two anonymous chatbots and
vote for the preferred response (Chiang et al., 2024b). We use the arena-human-preference-55k split, containing
57,477 human preference judgements across 64 models. Its large scale and diverse user base make it the primary benchmark
for LLM evaluation, but also expose it to noise and adversarial risk.

Chatbot Arena LLM Judges. A companion dataset from the same platform in which pairwise preferences are collected
using an LL.M-as-a-judge rather than human votes (Chiang et al., 2024b). The chatbot-arena-11lm-judges split
contains 49,938 comparisons across 64 models, allowing us to contrast automated and human evaluation robustness.

MT-Bench Human Judgments. A curated multi-turn benchmark designed to evaluate instruction-following and reason-
ing (Chiang et al., 2024b). Preferences were collected from 58 expert-level annotators (predominantly graduate students),
yielding 3,355 high-quality pairwise judgements. Its smaller size and expert annotations make it substantially more robust
than crowdsourced platforms.

Vision Arena. A crowdsourced arena for vision-language models in which users compare two anonymous models on
visual question-answering tasks. We use the Imarena-ai/VisionArena-Battle dataset, which contains 29,849
single- and multi-turn conversations.

WebDev Arena. A crowdsourced arena focused on web-development tasks such as building interactive applications and
webpages. We use the Imarena-ai/webdev-arena-preference-10k dataset (10,501 prompts), which provides
domain-specific evaluation complementary to open-ended chat.

ATP Top-10 Tennis. Match records from the ATP tour (2020-2024). We restrict to the top-10 ranked players by 2024
season standing who each played at least 20 matches, yielding 278 games in total. This small, sparse graph tests our
framework in a regime where each individual match carries high weight.

NBA Elo Top-50. Historical NBA game records from all seasons. We focus on the top-50 teams by total games played,
yielding 109,892 matchups. Its large, dense comparison graph represents the opposite extreme from ATP and assesses
robustness in high-data settings.

A.2. Dataset processing

Each pairwise comparison in the raw datasets is represented as a directed observation (4, j, y) where y € {0, 1} indicates
whether item ¢ beat item ;. To handle ties uniformly, we adopt a symmetric formulation: each tied comparison is decomposed
into two directed observations—(4, 4, 1) and (j, i, 1)—treating both items as winning once against the other.

For consistency, each non-tied comparison is also represented as two directed observations: (4, j,y) and (j,¢,1 — y). This
ensures a uniform representation across all comparisons and simplifies the construction of the feature matrix X € RV*M
used in the BT likelihood, where each row x,, = e; — e; encodes the matched pair. The resulting matrix X and outcome
vector y are the direct inputs to the weighted M-estimator in Eq. 3.

B. Framework details
B.1. BT input-output format and tie handling

The Bradley—Terry model takes a directed comparison dataset as input and outputs a latent skill vector for the ranked players.
Let M denote the number of players and let e; € RM be the standard basis vector for player 7. Each directed comparison
between players ¢ and j is encoded as

Tij = €; — €5,
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where the binary outcome y;; € {0, 1} indicates whether the first player in the directed pair wins. After preprocessing, the
full BT input is represented as

T
Ty Y1
IT 2

2 Y
X=||e{-101}VM  y=|"|€e{01}",
Ty YN
where each row z,, = ¢;, — ¢;,, contains one +1 entry for the first player, one —1 entry for the second player, and zeros
elsewhere.

Given this input, the BT model estimates a skill vector
0,
6= 9,2 e RM,
O
where larger values indicate stronger players. The main BT outputs are the fitted skill vector 6, the induced pairwise win
probabilities, and the resulting leaderboard obtained by sorting players according to 6.

To keep the representation symmetric, every raw comparison is converted into a two-row directed block. A decisive
comparison in which player ¢ beats player j is represented as

P45 = B, = {(mij71)7(xji70)}-
A tied comparison is represented as
i~j = By={(xi,1), (i, 1)}
Thus, decisive outcomes provide one win and one loss across the two directions, whereas ties assign equal win evidence to

both players. This avoids choosing an arbitrary winner for tied comparisons while keeping all raw comparisons in the same
binary directed BT input format.

For influence scoring and perturbation selection, we treat each two-row block By, as the atomic unit. If the two directed
rows corresponding to raw comparison b are indexed by n;; and n;, its block-level influence is computed by summing the
row-level influences,
1) =10+ 1)

All perturbation actions are then applied at the block level. A Drop action removes both directed rows in By; an Add
action inserts both directed rows for the candidate comparison; and a F1ip action modifies the two directed outcomes
consistently. This ensures that influence scores and perturbation budgets are defined at the level of the original raw
comparisons, rather than at the level of individual directed rows.

B.2. One-step Newton refinement

The influence approximation in Eq. 5 linearizes the effect of an infinitesimal change in a match weight. However, the actions
used in our experiments are finite. Following the classical one-step case-deletion approximation for logistic regression
diagnostics (Pregibon, 1981) and its use in influence-based leaderboard analysis (Huang et al., 2026), we use a one-step
Newton (1sN) correction to better approximate these finite actions without fully refitting the BT model for every candidate.

For a comparison z,, = (&,,, Y, ) evaluated at the full-data fit 6, let
pn:U(l‘Ié), Tn = Yn — Pn, Un :pn(l_pn)~

Since .
In = VOE(ZTL; 0) = (pn - yn)xn = —TnTn,

the first-order deletion approximation from Eq. 4 gives

pDro -1
A@nJF P = _p H 'z,.
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For adding a candidate comparison z. = (., y.), the sign is reversed:

4 Add _
A@C,IF =r.H 'z,

The influence approximation uses the original Hessian H and therefore ignores the fact that a finite Drop or Add action
also changes the local curvature of the BT objective. For a single comparison, this curvature change is rank-one because the
Hessian contribution of z,, is

H, = Unl‘na?,I .

Thus, dropping one comparison changes the local Hessian from H to H — H,,, while adding one comparison changes it
from H to H + H,,. Applying the Sherman—Morrison (Sherman & Morrison, 1950) identity to this rank-one Hessian update
yields the leverage term

hy, = vanH_lxn.

This quantity measures how strongly comparison n affects the local curvature around the fitted BT solution.

The 1sN refinement rescales the influence update by this leverage term. For a single dropped comparison,

s Drop
AéDrop _ Aen,IF
n,IsN 1— hn ’

whereas for a single added candidate comparison,

5 Add
A A Add Aec,IF

c,IsN 1+hc .

Equivalently, 1sN performs one Newton step toward the optimum of the perturbed objective, starting from the original fitted
parameters 6. Compared with influence, which keeps the curvature fixed at H, 1sN partially accounts for the curvature
change induced by the finite action while still avoiding a full BT refit.

Given either the IF or 1sN parameter change, the predicted objective change is computed using the same projection rule as
Eq. 5:
of

~ ) T ) a,.,
Af = Vaf(,w) Af+ <8w>explicit-

The explicit term is zero for objectives that depend on the data only through 6, and nonzero for uncertainty objectives that
directly depend on the weighted comparison graph.

For Flip actions, the local Hessian is unchanged because it depends only on the comparison features x,, and not on
the outcome y,,. As a result, the 1sN correction does not apply, and the flip update reduces to its first-order influence
approximation.

B.3. Grouped Newton refinement for player removal

The 1sN correction in Appendix B.4 is applied to individual Drop or Add actions. Player removal is a larger structured
perturbation: for a player m, it removes the full set of incident comparisons

Gm = {n : z, contains player m}.
Because many comparisons are removed simultaneously, we use a grouped Newton refinement rather than applying the
single-row leverage correction independently to each match.

Let R
Pn = 0’(1‘;9), T'n = Yn — Pn, Sp = T'ndn

denote the fitted probability, residual, and score contribution of comparison n at the full-data solution. For a group deletion
g, the first step sums the removed score contributions and applies the grouped first-order deletion update:

3g:an, 9(g1) :é—H_lsg.
neg
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This is the group analogue of summing individual deletion influences in Eq. 12.

The second step takes one Newton correction using only the comparisons that remain after the group is removed. Let
K={1,...,N}\ g

be the kept set. At 9(1), define the kept-data score

$c(05) = 3 wn (v — o(@105)))

nekl

and the kept-data Hessian

He(0g)) =Y vz + 21, P =pD (1 —pd),
nek

where
M = oz 05)).

The grouped Newton estimate is then
05 =05 + Hic(65)) 1Sk (65).

Finally, the predicted player-removal effect is evaluated by applying the downstream objective to this approximate parameter
vector:

Afg = f(65)) — ().

For the player-removal experiments, f is the smooth Kendall’s Tobjective computed over the remaining players, so the
removed player is excluded from the reference ranking before evaluating the objective.

This refinement is related to 1sN because both start from an influence-based finite-deletion step and then use local curvature
information to improve the approximation. The difference is that 1sN uses a scalar leverage correction for a single
comparison, whereas the grouped Newton refinement performs one joint Newton correction on the score equation of the
remaining comparison data.

B.4. Objective influence derivations

The objective-level influence of a match z,, is given by Eq. 5 and is defined as the derivative of the objective with respect to
increasing the match weight w,,. Thus, for a finite Drop action, where Aw,, = —1, the predicted drop effect is

Afdrop,n ~ 7quf)
Equivalently, specialising to first-order case-deletion, the parameter shift induced by dropping match n is

Aa;ilrop ~ - TnH_lxru Tn = Yn — Pn, Pn = 0(55;59)7

and the corresponding drop effect is

AFYL L~ Vo f(0,w)T AgdeP — ( of ) .
explicit

drop,n ow
n

Therefore,
Iflf )~ —Af )

drop,n*

For objectives that depend on the data only through 0, the explicit term is zero.
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Top-k membership objective / gap objective. For

feap(0) = 0: = 0;,
the full gradient is
Vo feap = €i — €,

and there is no explicit weight term, so the drop effect is

Af(fgap) _ v@fgap(é)TA02r0p~

drop,n

Equivalently,
T{fs) = g fyap(6) T AGTP.

Player-uncertainty objective. The single-player uncertainty proxy is

fCI—player(m; w) = 73

5 (W) = Wy U,

j#m

with X X R .

’Umj = U((gm — Gj)(l — a(@m — 9]))
Define R R

v:nj = vmj(l — 200 — Hj)).

Then )

o2,

W > Wi Uy (Limm — Lp=j),

Jj#Em

SO

1 .
VHfCI—player(”n; w) = _WVQP%’L

Unlike the gap and Kendall’s T objectives, this objective has a nonzero explicit weight derivative. If match n compares

players a,, and b,,, then
(afCI»playcr (m7 w) >
awn explicit

~vp H{m € {an,bn}}
(P)? ’

where

Uy, = a(éa" — Gbn)(l — (0., — an)).

Therefore, the drop effect is

v, 1{m € {ay,, bn}}

Af(ngIiplayer) - vﬁfCI—playcr(m; w)TAggrop + ()é2 )2

rop,n

Equivalently, 1{ {an,b,}}
Un m € {Qn, by

T = Ty for player (m; w) T AGIP — SRy
(P%,)

Trace-uncertainty objective. The global uncertainty proxy is

M 1
fCI—trace(w) = Z 2

Hence

M 1 Y
vO.fCI—tmce = Z _erpi .

i=1
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For match n between players a,, and b,,, the explicit weight derivative is

( afCI—trace ) - 1 + 1
6wn explicit " (ﬁ%w )2 ([)I%n )2

1 1
Afieriace) = g forace (0, w) T AGIOP + v, ( SRV 2).

Therefore, the drop effect is

Equivalently,

. 1 1
I’r(LfCI-trace) — _VGfCI—trace(97 w)TAegrop — o, < + ) .

Kendall’s T surrogate.

fro(l;m) = _1 Zsabtanh( Teb)

a<b
where s, € {—1,+1} is induced by the reference ranking. Its gradient is

1 — tanh?
[V(,vfﬁ,-yT]k — 1 ;)sab an ( ) (1k:a - 1k:b).

There is no explicit weight term, so the drop effect is

Af(f-r ,T) vﬁfTT( )TAQdmp

drop,n

Equivalently,
I(f—r T) _ _v()f'r T( ) Agdrop

B.S. Algorithms

Algorithm 1 Top-k Robustness Action Search

Input: Fitted BT model M on dataset D; top-k cross-boundary candidate pairs P; fixed action variant a €
{drop, flip,add_pairs,add_outcomes, add_weighted}; maximum action count A

Output: Smallest action count that makes at least one candidate top-k boundary gap cross zero, together with the corresponding pair and
selected actions

1: Fit the Bradley—Terry model on D and obtain 0.
2: Construct the ordered set P of top-k cross-boundary candidate pairs.
3: Initialize an empty cache of per-pair influence reports.
4: fora=1,...,Ado
5. forall (¢,5) € P do
6: Define the gap objective
fi3(0) = 0 — 0;.
7: If not already cached, compute the one-step influence report for (4, j) under action variant a over its corresponding candidate
pool.
8: Let gij = fij (9)
9: Select the top o candidate actions from the cached report: if g;; > 0, choose the most negative influences; otherwise choose the
most positive influences.
10: Treat grouped forward/reverse copies as one logical action when applicable.
11: Apply the selected « actions to the original fitted dataset D, refit the BT model, and compute the updated gap g(a) or estimate it
using influence scores.
12: if (gi; > 0 and gg.x) < 0) or (gi; < 0and glo‘> > 0) then
13: return «, the pair (¢, 7), and the selected actions.
14: end if
15:  end for
16: end for

17: return failure if no pair succeeds within A actions.
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Algorithm 2 Strict CI-Aware Top-k Manipulation

Input: Fitted BT model M on dataset D:; target boundary rank k; fixed insider—outsider pair (4,5) with ¢

the rank-k model and j the rank-(k + 1) model; CI method; CI level «cr; fixed action variant a €
{drop, flip,add_pairs,add_outcomes, add_weighted}; maximum action budget A

QOutput: Minimum number of actions needed to certify that outsider j lies above insider ¢ under strict CI separation

1:

W N

15:

16:
17:
18:
19:
20:

Fit the Bradley—Terry model on D and compute 6 and confidence intervals

[eru Um] = |:ém - ZaCISE'my é'm + ZO(CISETIL] s Zacr = q)_l(l - QCI/Q)-

. Fix the target pair (4, 7) before the action search begins, where 7 is the current insider and j is the current outsider.
: Define the strict CI objective

9ij (é) = (él + ZQCISEZ‘) — (éj — ZaCISEj)-

: Proceed only if the strict target is initially unmet: g;;(6) > 0.
: Compute the full one-step influence report for action variant a with respect to g;; over its corresponding candidate pool.
cfor/=1,...,Ado
Select the top ¢ logical actions that most decrease g;;.
Rank candidates in ascending order of influence and group forward/reverse copies sharing a match identifier as one logical action.
Form the first-order screened objective
~(¢ A (9i5)
9y =gu0)+ > T
ne Sg)
if G > 0 then
Continue to the next budget without refitting.
end if
Apply the selected actions to the original fitted dataset and refit the BT model.
Recompute the exact strict objective on the refit model:
gfjﬁt — (éireﬁt + ZQCI SEireﬁt) _ (éjreﬁt _ ZQCISE;eﬁt).
Let fi j refi fi fi j refi fi
L;e t — 6;6 t ZQCISE;E t’ Uire t — eire t + ZQCISEire t'
if gi2* < 0, equivalently L} > U7* then
return ¢, the pair (4, 7), the selected actions, and the refit ranking.
end if
end for
return failure if no strict CI-certified reversal is found within budget A.

Algorithm 3 Strict CI-Aware k-Selection

Input: Fitted BT model M on dataset D; CI method; CI level acy
Output: One valid target triple (k, 7, j) for strict CI-aware manipulation, where 4 is the insider at rank k and j is the outsider at rank

k+1

1: Fit the Bradley—Terry model on D and compute the CI ranking.
2: fork=1,...,N —1do
3

Let
i = rank-k model, j = rank-(k + 1) model.

Define the strict CI objective
gij(é) = (él + ZQCISEi) - (éJ - ZQCISEj)v Zacy = 4)71(1 —aci/2).
Keep boundary (k, 4, j) only if gi;(6) > 0.
end for .
return the valid boundary (k, ¢, ) with the smallest strict objective value g;; (6).
return failure if no valid boundary satisfies g;;(6) > 0.
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Algorithm 4 Online Rigging Baseline (Omni-On)

Input: Initial Elo/BT ranking on dataset D; target model m*; direction d € {promote, demote}; exposed pair stream {(a¢, bs) }Eoy;
budget B; Elo constants K, BASE, SCALE
Output: Ordered decisions and target-rank trajectory
1: Compute the initial ratings 0., for all models and record the initial rank of mn*.
cfort=1,...,Bdo
Observe the currently exposed pair (a¢, b).
Define the candidate decision set

Rl 0

Ay ={a_wins, b_wins, tie, remove}.
5 Letry = 0q,, 75 = 6p,, and 7, = O+, and compute

1 1
= 1+ BASE(T},*'I‘G)/SCALE ’ € = 1+ BASE<T@7Tb)/SCALE :

€aq

6: foralla € A; do
7: Form one-step hypothetical ratings:
a_wins: 71, =14+ Kep, 1, =1y — Key,
b_wins: 1, =r1¢— Keq, 71, =1+ Kea,
tie: r;:ra—g(ea—eb), rg:rb—l—%(ea—eb),
remove : Th =74, Tp=Tb.
8: Score the action by
(@) _ 1 " 1
t 14+ BASE(T&*T*)/SCALE 1+ BASE(Tg_T*)/SCALE '
9: For demotion tasks, use the inverted reward friw
10:  end for

11:  Select the greedy rigging decision

a; = arg max ),
12:  Apply af to the current dataset, refit the global Elo/BT ranking, and append the new rank of m™ to the history.
13: end for

14: return the decision history and the full target-rank trajectory.
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Algorithm 5 Online Influence-Guided Targeted Top-k£ Manipulation

Input: Fitted BT model on dataset D; target model m™; rank cutoff k; direction d € {promote, demote}; exposed pair stream

{(a¢, b))}y budget B

Output: Selected decision sequence and final ranking

1:
2:

4
5:
6.
7

11:
12:
13:

14:
15:

Fit the initial BT model on D and record the initial ranking of m™.
fort=1,...,Bdo
if rank(m™) < k for promotion, or rank(m™) > k for demotion then
Stop; the target condition is already satisfied.
end if
Observe the currently exposed pair (a¢, bt ).
Define the current boundary objective

. Om» — Om " d = promote,
fe(0) = {9 .

mepr — O+, d= demote,
where my, and my1 are recomputed from the current ranking after every accepted intervention.
Form the allowable decision set

A = {remove, a_wins, b_wins, tie}.

for all « € A do
Compute its first-order influence score on the current boundary objective:

0, a = remove,
Z(ft)(a) _ I(ft)(at >~ bt), a = a_wins,
a I(ft)(bt - a), a =Db_wins,

I(ft)(at > b;) _|_I(ft)(bt = at), a=tie.

end for
Select the greedy influence decision
o) = arg max 2" (a).
t g e (@)
Apply a7} to the current state, refit the BT model if any row is added or estimate it using influence scores, and update the ranking of
m*.
end for
return the selected decisions, success indicator, rank trajectory, and final ranking.

Algorithm 6 CI Reduction via Targeted Match Addition

Input: Fitted dataset D; target model m™; budget B; candidate mode v; CI method
Output: Added matches and CI-width trajectory

1:
2:

——

——
W N

— OV XTI AW

Fit the BT model on D.
Define the target uncertainty objective

fCI-player(m*; w) = ﬁ'r_nE (w)’

where 2, (w) is the BT pair-weight-aggregated variance proxy defined in Eq. 3.2.

: Generate add candidates according to v.
:ifv=all_pairs then

Use one unordered pair, with the currently higher-rated model as winner.

: end if
: Compute influence scores for all add candidates once using the initial fitted model.

: Sort candidates in ascending influence order, since negative influence reduces fci-player-
cfort=1,...,Bdo

Select the next unused candidate from the fixed sorted list.
Add the match to D, refit the BT model or estimate it using influence scores, and recompute the target CI width using the chosen
CI method.

: end for
: return the added matches, uncertainty trajectory, and CI-width trajectory.
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B.6. Relation between the sandwich covariance and Gao-style local information

In the main text, we use the Gao-style local information approximation as a scalable uncertainty proxy for BT leaderboard
perturbations. Here, we clarify how this approximation relates to the more general sandwich covariance estimator and why
we avoid propagating perturbations through the full covariance matrix.

For a comparison z,, = (in, jn,Yn), define z, = e;, —e;,, pn = a(xlé), and v, = p,(1 — p,). The weighted BT loss
has score and Hessian R .
9n(0) = (Pn — Yn)Tn, H,(0) = vpznz,) . (13)

The sandwich covariance estimator is
N R N R R
Yeand () = J(w) 1S (w)J (w) !, J(w) = Z wnHp (0) + M, S(w) = Z Wngn(0)gn (). (14)
n=1 n=1

Under a correctly specified BT model,
E[gn(e*)gn(g*)—r | va]n} = vnxnqu— = Hn(e*)v

because Var(yn, | in,Jn) = Pn(l — pn) = v,. Thus, replacing the empirical score covariance S(w) by its information
counterpart gives S(w) = J(w), so the sandwich estimator reduces to the information-based covariance approximation

Yeana(w) = J(w)*IS(w)J(w)*1 ~ J(w)*l. (15)

Gao et al. (Gao et al., 2023) provide a coordinate-wise interpretation of uncertainty in the BT model: the leading uncertainty
of each skill estimate is controlled by the inverse of a local Fisher information term. In our weighted finite-sample setting,
this local information for player ¢ is

pi (w) = Zwijpij(l — Pij); (16)
i
Equivalently, if
Tinto(w) = wigpiy (1 = pig)(ei — ¢5)(ei = €;) T + A,
i<j
then p?(w) is the local diagonal information associated with player 4.

The full inverse Jing (w) ™! captures coupling across all players, but computing and differentiating its diagonal or trace
under many candidate perturbations is substantially more expensive. We therefore use the Gao-style local approximation

Var(d,) ~ p; 2(w),

which leads directly to the pla%/er-wise uncertainty objective fcrplayer (4 W) = f; 2 (w) and the trace-style global uncertainty
proxy fcrtrace(w) = Y, p; ~(w). This approximation preserves the main statistical intuition: uncertainty is reduced by
adding informative comparisons incident to poorly measured players, and increased by removing such comparisons.

B.7. Arena Active baseline for target-model CI reduction

Arena Active (Chiang et al., 2024b) is implemented as a target-restricted variance-count active-sampling baseline. At each
step, it recomputes scores under the current Bradley—Terry fit, considers only candidate pairs involving the target model m*,
and selects the opponent j with the largest estimated one-step reduction

oan () — \/Var(ﬁm* —0,) \/Var(@m* —0) -

None; Nopej + 1

where N;,~; is the current number of comparisons between m™* and j. Thus, Arena Active is target-specific through
candidate filtering, but uses a pair-level variance-count score rather than directly optimizing fciplayer (). In contrast, our
method scores each candidate Add action by its predicted effect on the target uncertainty objective.

Arena Active always uses an all_pairs candidate space, while the influence policy can use all_pairs,
all_outcomes,or all_outcomes_weighted. Thus, all_pairs is the fairest direct comparison, whereas the
outcome-aware spaces evaluate a richer influence action space.
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C. Reproducibility Details

For reproducibility, we report the main hyperparameters and compute settings used in our experiments. Unless otherwise
stated, all Bradley—Terry models were fit with hessian_ridge=0.0. In the grouped Newton refinement, we used a
small numerical stabilization ridge of 10~%. For the smooth Kendall’s 7 surrogate, we used temperature 7' = 0.1 in the
player-level grouped-drop analysis and 7" = 0.5 in the robustness and action-curve analyses. All influence computations
used the 1sn approximation throughout.

All main experiments were run with 4 CPUs and 32 GB memory per task. We used the same hyperparameter settings across
datasets unless explicitly noted above.

D. Other Results

D.1. Dataset-level robustness scores

To summarize robustness across datasets, we define normalized audit scores for the three leaderboard conclusions studied in
the main text. Let B denote the maximum perturbation budget used for the corresponding audit and let b* be the minimum
number of influence-guided actions required to change the audited criterion after refitting the Bradley—Terry model. If no
change occurs within the budget, we set b* = B. We define

U(Bcrtr
s RciTrace = (U?(Io’l“)ace>, R, = T(BT)v

*
Top-1
Rrop1 = ——
P BTop—l
where R,p,.1 measures the normalized budget needed to change the point-estimate Top-1 boundary, RciTyace Teports the
remaining trace-uncertainty proxy under the fixed CI-trace audit budget, and R, reports the Kendall-7 value after the fixed
global-ranking audit budget. Thus, lower Rt,,.1 indicates that fewer actions are needed to change the local leaderboard
conclusion, while lower Rcryvace and lower R indicate stronger degradation under the corresponding fixed-budget audits.

For a compact overall summary, we also report

1
Rall = g (RTop-l + RCITrace + RT) . (18)

This aggregate is not intended to replace the three component scores. Instead, it provides a single coarse audit number while
preserving the decomposition into local point-estimate fragility, CI-trace robustness, and global ranking stability.

D.2. Kendall’s T and trace uncertainty curves

Figures 4-9 report the full perturbation-budget curves for other datasets beyond Arena 55k (shown in the main paper,
Figure 2). The same qualitative patterns hold throughout: influence-guided F1lip causes the steepest 7 degradation, Add

greedy variants dominate trace uncertainty reduction, and random selection is negligible in every case. Datasets with sparser
comparison graphs (ATP) exhibit much larger absolute 7 degradation—reaching near O in the ATP case—confirming that
graph density is a key determinant of global robustness.
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Figure 4. Perturbation-budget curves for Chatbot Arena LLM Judges (49,938 matches, 64 models). Influence-guided Flip degrades 7
most steeply; Add greedy variants dominate uncertainty reduction.
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Figure 5. Perturbation-budget curves for MT-Bench Human Judgments (3,355 matches). 7 degrades more slowly than on crowd-sourced
datasets, consistent with Table 1 showing MT-Bench is the most robust dataset.
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Figure 6. Perturbation-budget curves for NBA Elo Top-50 Teams (109,892 matches). The dense graph limits per-action impact on 7, but
the Add-dominates-uncertainty reversal persists.

1.0
0.8 1 10% —— Drop greedy.. - -~ AdA DTS random

' _ —— = —=="Drop random —— Add outcomes greedy
e —— Flip greedy ——- Add outcomes random
1.0% ~ =~ Flip random
—— Add pairs greedy

0.6

0.00%

0.44

= Drop greedy
=== Drop random
0.2 ~—— Flip greedy

=== Add pairs random
Add outcomes greedy

dd outcomes random 1.0%

Normalized Kendall-tau surrogate
Trace uncertainty proxy

— == Flip random Ac
0.0 = Add pairs greedy random 10%
0 5 10 520 25 30 5 p m " % Py
Number of actions Number of actions
(a) Kendall’s T. (b) Trace uncertainty (%).

Figure 7. Perturbation-budget curves for ATP Top-10 Matchups (278 matches). The extremely sparse graph makes this the least robust
dataset: Flip drives 7 to near 0 within 30 actions.
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Figure 8. Perturbation-budget curves for Vision Arena (29,849 matches). Patterns mirror those of Arena 55k: Flip leads 7 degradation
and Add variants dominate uncertainty.
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Figure 9. Perturbation-budget curves for WebDev Arena (10,501 matches). The sparse graph results in severe T degradation (= 0.65
under Flip) while Add variants still dominate uncertainty.

D.3. Top-k Membership Change: CI-Aware vs. Non-CI-Aware

Figure 10 compares the effect of influence-guided drop perturbations on Top-k membership under the standard point-estimate
objective and the stricter CI-aware objective. In the non-Cl-aware setting, a membership change is counted as soon as the
estimated skill ordering crosses the Top-k boundary, even if the affected models have overlapping confidence intervals;
on Arena 55k with k = 22, this occurs after only 2 targeted Drop actions. By contrast, the CI-aware setting requires a
stronger form of manipulation: the promoted model must not only cross the boundary in point estimate, but must do so
with sufficient statistical separation from the displaced model, requiring 19 targeted Drop actions in the same setting. The
comparison therefore separates two notions of robustness: instability of the displayed ranking versus instability that remains
significant after accounting for uncertainty. As expected, CI-aware Top-k changes require stronger perturbations, but the
fact that targeted drops can still alter membership under this stricter criterion shows that the leaderboard is not only locally
sensitive but can also be vulnerable in a statistically meaningful sense.

E. Ablation
E.1. Specification of matches

Influential matches reflect structure, not exposure. Figure 11 reports correlations between one-step match effects and
simple match-level covariates across match-specification objectives. We consider four covariates: match count, the number
of times the same unordered pair appears in the training data; bridge variance, a match-level structural diversity score
computed from the variance of the opponents faced by the two endpoint players, intended to capture whether the match
connects players with broad or heterogeneous comparison neighborhoods; closeness, the log-transformed absolute BT skill
gap between the two matched players; and surprise, the discrepancy between the observed outcome and the probability
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Figure 10. Top-k membership change under point-estimate and CI-aware objectives on Arena 55k. For k = 22, influence-guided Drop

changes the point-estimate Top-k boundary after 2 actions, while the stricter CI-aware criterion requires 19 actions for the outsider to
overtake the insider with non-overlapping confidence intervals. The two panels show that boundary membership is fragile, yet CI-aware
success requires a more statistically robust change.

predicted by the fitted BT model. Because the natural direction of degradation differs across objectives, decreasing Kendall’s
7 indicates worse global ranking stability, whereas increasing trace uncertainty indicates worse uncertainty, we interpret
signed correlations relative to each objective rather than as a universal measure of influence magnitude. Under this objective-
specific interpretation, match count is not a stable proxy for influence: frequently observed pairs are not consistently the
ones whose perturbation most harms the leaderboard objective. By contrast, bridge variance and closeness often become
strongly associated with large effects under flip objectives, suggesting that influence concentrates on structurally important
and closely contested comparisons, where reversing an outcome can propagate broadly through the ranking. The surprise
covariate is more heterogeneous, with its association changing across add, drop, and flip actions, especially for Kendall’s T,
player uncertainty, and trace uncertainty. Overall, the figure suggests that influential matches are objective-dependent and
are shaped more by structural uncertainty and near-boundary comparisons than by raw exposure alone.
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Figure 11. Signed Spearman correlations between one-step match influence scores and four match-level covariates in Chatbot Arena
55k, grouped by objective family and action type. Across most objectives, match count is weakly to strongly negative, while bridge
variance and closeness are especially large for flip, highlighting the importance of uncertain, tightly contested comparisons in determining
influential matches.

Influence concentrates on specified competitors. Under match-specific objectives, influence rankings concentrate sharply
on the intended entities. Every objective that explicitly targets a player or player pair achieves a focus-hit rate of 1.0 at
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top-20 selected action across all five action types: Drop, Flip, Add -Pairs, Add -Outcomes, and Add -Weighted.
We test this on Arena55k, for the CI-boundary and skill-gap objectives defined on gpt-4-1106-preview versus
gpt—-4-0125-preview, as well as the player-uncertainty objective for gpt—4-1106-preview, all top-20 influential
matches involve the designated focal player(s). Thus, when the objective specifies which competitors or matchups matter,
influence does not spread diffusely across the dataset; it identifies edits tightly aligned with the target player or pair. In
contrast, global objectives such as Kendall’s Tand trace uncertainty have no designated focal player, so this focus-hit metric
is not applicable to them.

E.2. Effect of k£ on top-k membership

To study how the choice of k affects the amount of data needed to change top-k membership, we vary k and measure
the required perturbation budget. Figure 12 shows that the effort required to change the top-k ranking in Arena55k is
highly non-monotonic in k and depends strongly on the action type. The most striking feature is the sharp peak at k = 3,
where adding pairs becomes dramatically more expensive than all other interventions, while adding weighted outcomes,
adding outcomes, and dropping results remain substantially smaller, and flipping outcomes is consistently the least costly.
Beyond k£ = 5, the required number of actions drops quickly for all methods and remains low and fairly stable through
k = 10,20, 40, indicating that deeper top-k boundaries are easier to perturb than the top few ranks. Overall, the figure
suggests that the top-3 boundary is the most structurally resistant part of the ranking, especially when interventions are
constrained to adding new comparisons rather than altering existing ones.
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Figure 12. Top-k robustness is boundary-dependent. Minimum number of influence-guided actions required to change the Top-k set on
Chatbot Arena 55k as k varies. The Top-3 boundary is the most structurally resistant, requiring roughly 120 actions, while several larger-k
boundaries require only a few actions. Thus, robustness is not monotonic in k but depends on the local structure of the leaderboard near
each cutoff.

E.3. Structural predictors of player-removal impact

To understand what drives player-removal impact, Figure 13 reports four association statistics between each structural
player feature and absolute |7|-influence, aggregated across datasets. We consider degree, the number of matches a player
participates in; bridge variance, how unevenly a player connects otherwise weakly connected regions of the graph; closeness,
how centrally located a player is in terms of shortest-path distances; and surprise, how unexpected a player’s outcomes are
relative to model predictions.

Degree is the strongest and most consistent predictor: it achieves the highest Pearson (|| = 0.41) and Spearman (|p| = 0.34)
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correlations, and the largest quartile separation (Q4-Q1 mean z = 0.65, Cohen’s d = 0.86). Bridge variance and closeness
show weaker or less consistent associations, while surprise is only weakly associated.
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Figure 13. Association between structural player features and absolute |7|-influence, aggregated across datasets using Pearson and
Spearman correlations, Q4—Q1 mean z-score, and Cohen’s d. Degree is the strongest and most consistent predictor of player-removal
impact.
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