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Background Aim & Resedrch Questions Methodology
e Search engines are central to how people access information, | COMmMon Aim: Dataset ]Q:zrlz' dsc::gt;:: S"tr:ategles
and the ranking algorithms behind them play a key role in « Rank-DistiLLM? (MS MARCO*~derived) ' : ping
. : . S 1999 queries — Baseline for comparison.
shaping user experience. e How do we know if a search engine is s OII B era000, LM ted)
i - o relevance labels , LLM-generate
y Wl?en new ranking modgls are proposed, researchers -need giving good results? o 52 retrieval systems (lexical, dense, s gqrse multi-vector 2. Query Length
reliable ways to determine whether these models will improve Y . » SP : , . .
: i rerankers) Short / Medium [ Long queries (based on word count).
what users actually see and interact with: . . ] : IR i
o 1. Offline Evlaluation: testing search quality using pre- o Offline evaluation is cheap and safe, | « Oracle relevance labels are used only for comparison to study how — Tests whether surface complexity influences alignment.
collected queries, documents, and human relevance but unreliable: label sources affect alignment.
judgments—without involving real users or live traffic. o Different selected queries — . s Qverlap-qugd Ml
o 2 online Evaluation: testina search auality with real users . . Retrieval Systems Using Jaccard similarity across systems:
i ali ; : g 9 y Different conclusions « Experiments use the full pool of 52 systems, then e High-overlap: systems agree
e > Top-10 systems are selected for computing Kendall's t e Low-overlap: systems disagree
* Rgtc;\e:\t work beng (3 og T Volfram & | ¢ LLM-generated labels add new — reduces noise and improves rank-order stability. — Tests whether system agreement/disagreement is informative.
with large AN oy . .
language @ BaichBE (Dooe Pehq\"”?ur qu n]ay Shlxt what looks Offline vs. Online Evaluation 4. Difficulty-Based
models has 9 GO |€ easy’, "hard’, or "useful » Offline score: computed on a sampled subset of queries Q’ Based on average offline relevance:
introduced a @ Aol. g ¢ Simulated online score: computed on the full query set Q e Easy: high relevance
possible new Duck Duck b Biﬂg YaHOC . Aligpment metric: Kendall's t ek clerance
direction. . - @ A ) o Maximise N R . -
5 5 v A — s Research Sub-Question: Tests whether “difficulty” affects stability.
arge Famous Search Engines in 2026 . ! T (Ofﬂin?( Q-’) Online{ Q))
Language e RQI: Query selection for alignment. How el ' Subset Sizes
Models (LLMS) e At the same time, the choice of queries does the choice of query influence the Purpose of Methodology e For most methods: 5, 10, 25, 50, 100 queries
cc:n generate ) use.d for fevqluqtlon = becor'.ne qllgnme.nt betwee.n offline and online « To isolate how query choice affects offline—online alignment and to * For query-length: 5,10, 15, 20, 25 ]
IrebeVIGnce | increasingly |n:1portc1nt. Datasets like MS evaluation of ranking systems? determine whether different label sources (LLM vs. Oracle) change e Random sampling and query-length repeated 5x (flxed seeds).
abels at sﬁq e MARCO contain hundreds of thousands the behaviour of sampling strategies.
reducing the of queries, but evaluation is usually
need for costly
performed on a small subset
human
annotation.’
3. Overlap-Based Sampling (High vs. Low Overlap)
@ Results High-overlap queries — positive alignment. Di . dc e
With dense labels, system agreement leads to smooth, stable score patterns — higher t. ISCUssion dn onclusion

1. Random Sampling

Kendall's t varies around 0, but performs better than other rankers when using more S . . . N .
. : Ul Offline—online alignment is highly sensitive to query
retrieval systems (52 vs. 10). | [ comparison

’ " . " . per labels choice.
—> :
With high system diversity, random subsets capture a broader range of behqwours B (CsE3000 v System diversity matters: with many rankers, random

. Oracle)
: ERlEeE tengen baseline. : sampling becomes a strong baseline.
il € [ -y : F—Ji~— . o Label sources matter:
i ;ﬁ';'f T i Random sampling vs other algorithms i ! : 4. Query Length Sqmpllng

i . . rse | I racle) — low-overl ries work
compdrisen Short, medium, and long queries all show t = —0.1 to +0.1. o Sparse labels (Oracle) — low-overlap queries wo

No meaningful difference — surface query complexity does not predict alignment. .better. .
o Denser LLM labels — high-overlap and easy queries

erform better.
e : 5. Label Dependency (CSE3000 vs. Oracle Labels . .p .
2. Difficulty-Based Sampling (Easy S GLIL) Oracle labels are s arze e me:,riE:s become highl sensitive)to disagreement : il siniversallyoptimal: performance
Easy queries — consistently positive t. I e Horm bp o aclo labols becgq Ze disaareement 3 S réql depends on label distribution, system behaviour, and
Hard queries — t near 0 (unstable alignment). R =L B RELIONMNS DOTLE “ use disag P subset size.

differences.
CSE3000 labels are dense — metrics become smoother.
— High-overlap + easy queries perform better because agreement leads to stable score patterns.

When relevance labels are dense (as in CSE3000), systems more often retrieve relevant
documents, making easy queries more stable and predictable.
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