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Motivation Definitions and Guarantees
* LLMs are increasingly being used for ranking tasks * Tournament: Graph with n items and comparison results as directed edges.
* However, directly asking the LLM to rank a list of items is difficult: A € {0,1}™*" denoting the adjacency matrix with A;; = 1if i > j and A;; = 0if j > i
* Sensitivity to presentation order, list length, prompt framing, etc. * Circular triad: Triplet i, j, k such that A;; = Aj = Ay; = lor Ay = Aj; = Aj; = 1.
. _ Smallest unit of intransitivit
Error-prone and unstable [Pairwise comparisons] [ LLM Judge ] [Fullranking] . _ . Y . no . |
+ Alternate method backed by social = ;ﬁ ——_|| *Total circular triads in the graph, T, = (3) — 2-21(2) ; Where s; is out-degree of i
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choice theory: \ ) WO = 1 {nm? =1),if nisodd . .
o o . — \ —— - * Tnax =57). ;2 . is the maximum value of T,
* Elicit pairwise comparisons ﬁ vs e (B! | ag < ff T} 2 ﬁ (n(n® —4) if nis even .
. . . N y = . an . . . e . n
 Aggregate pairwise choices to a total - <= Agaregation| O Kedall and Smith [1] define coefficient of consistency { = 1 e 0,1]
order (using Rank Centrality[4] or BTL) |=&= " & (| <= 'a' N J || ¢ can be computed from the tournament data A alone. Satisfying practitioner needs

But how to assess reliability of such rankings? Sparse Tournaments: Practicality and computational feasibility often

Two approaches in the literature forces a subset of comparisons in A to be realized.
If T, circular triads are observed and O is the set of all triads observed, then
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signifies inconsistency rate and f(n) = is the scaling factor

1. Intra-ranking consistency: # of 2. Inter-ranking consistency: Stability or . (B)

transitivity violations when variance of the ranking outcome. Compare two Tmax . _
* Constant r : { decreases monotonically and convergesto 1 — 4r

— 4 asn — oo; therefore, { can behave 3 ways depending on r:

looking at the full set of pairwise  different rankings generated by two different « Increasing T : As n grows, ¢ gets pushed downwards. (e.g.: I additional comparisons are
comparisons (e.g. coefficient of runs of the LLM, and compare consistency in Harder to distin.guish) ’ P A=
consistency ({) [1]) the final ranking (for example: Kendall’s T [5])

* Decreasing r : f can rise, stay constant, or decrease depending on whether r decreases
slower, equally or faster than f(n)

Inter-run variance (IV)

What is the empirical relationship between Low High Implications:
these 2 metrics? cZ |igh| Borda, consistent | Random- * Witha relatlvely small number of comparisons, consistency can.be estimated
e Especially when such LLM generated rankings inform t35 triads permutation * Inter-rank consistency methods (such as Kendall’s 7) are a function of the number of
consequential decision-making on real world problems £ g"’ Low| Fixed-cyce |, Noisymethod, comparisons. So, compute needs to be spent to perform enough computation for

stable measurement of 7

( and 7 in Synthetic Bradley-Terry-Luce generated rankings

* Froma SynthEtiC known ranking, we generate nOiSy Intra-run consistency vs. ranking accuracy and inter-run agreement Sparse observations on the synthetic model
pairwise comparisons using the BTL model: 1.0 - L] 107 - 1.0 - 7
* For2itemsiand j, their pairwise comparison is o rood | o
. C 1 5 0.5 - _ s ol 1 11 1] 0.8 - .
determined by P(i > j) = ——; where g 0> 0.5 . e e E A
1+exp(—=B(j—1i)) s ; = 1'%
. - | d1 /1
=0 governs noise. o 0ol d 0.0 | | 0.75 - 0.6 1]
* From comparisons, the full ranking is reconstructed 0.0 | | 0.0 0.5 1.0 .' . . . ' :
using Rank Centrality (RC) [4] ¢ 02 06 10 0.2 06 1.0
() Accuracy (b} Inter-run agreement Fraction of edges (p) Fraction of edges (p)
Sparse Comparisons: For n= 30 items, p fraction of possible comparisons are performed.

Intra-run consistency compared with inter ranking consistencies. t(accuracy) is Kendall’s

i - ) ) : between the reconstructed ranking and known true ranking. 7,.,,,s is Kendall's 7 between Takeaways.: _ o _ _ _
Tcons IS @ signal of both comparison consistency and quantity. two independent RC ranking from the same generative model. We vary the size of the ) !Evten with spa}r:e cor(n{p)ansons, ¢ remains relatively constant and a good estimator of
intra-run consistency

Inter-run consistency (T.,.s) increases monotonically with p.

{ is a good measure of comparison consistency.

ranking (n). At a given (, larger tournament size (n) yields better inter-run agreement. Inter
rank consistency (t) depends on both intra-run consistency ({) and tournament size.

Evaluating LLMs v, 0Q & on real data from Homelessness Resource allocation and Emergency Room Triage

Model / run
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Theoretical analysis carries over to LLMs’ performing Both are informative and necessary! osa) T —po g 075 nodes (and incident edges) and
prioritization tasks in real-world tasks ? Number of nodes in the subgrash ) umber of nodes in the subgraph investigate how ( evolves. We
*  Prioritizing households for receiving Coeficient of Consistency { Teons also reconstruct partial rankings
1.00 . .
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 To do pairwise prioritization (choose household Relative model ranking by average ¢ and Kendall . o surviving nodes.
0.90 951 —
A vs B) rank correlation (7,.,,s). + indicates best, o & ) = 7 remains relatively constant
. . . i D 088 § 0.90 7
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