
Discovering Expert LLMs via Next-Token Log Probabilities and
Supervised Ranking

Gabrielle Poerwawinata
g.poerwawinata@uva.nl

IRLab, University of Amsterdam
Amsterdam, The Netherlands

Jingfen Qiao
j.qiao@uva.nl

IRLab, University of Amsterdam
Amsterdam, The Netherlands

Abstract
The Million LLMs Track (TREC Million LLMs) focuses on methods
for ranking large language models (LLMs) based on their expected
ability to answer a given query. As tasks increasingly require a com-
bination of both general-purpose and domain-specific models, it is
vital to predict which LLM is best suited for a given query without
needing to query each model directly. We propose a supervised
learning-to-rank approach that exploits next-token log probabilities
from pre-generated responses as zero-cost pseudo-relevance signals.
For each (query, LLM) pair, we derive a soft relevance label from
the mean next-token log probability of the model’s prior response,
indicating the model’s confidence as a proxy for answer quality.
A LightGBM-based LambdaRank model is trained on feature vec-
tors combining query embeddings (Sentence-BERT), categorical
LLM identifiers, and global token-level statistics filtered at the top
percentile. On the TREC Million LLMs test set, our best configu-
ration achieves NDCG@10 of 0.3695, substantially outperforming
tag-based (0.013) and response-based (0.195) baselines. Our ablation
analysis shows that LLM-level statistics contribute more to rank-
ing quality than query-specific embeddings, suggesting that global
model capability is a dominant signal in the current evaluation
setting.
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1 Introduction
The sheer number of available Large Language Models (LLMs)
makes choosing the right one a practical challenge: given a user
query and a pool of available models, which LLM should be invoked
to produce the best answer? This question is non-trivial because the
pool may contain hundreds or thousands of models with overlap-
ping but distinct knowledge, and querying every model for every
request is computationally prohibitive. As both general-purpose
models (e.g., the GPT family, Gemini [11]) and domain-specialized
models continue to rise (e.g., BloombergGPT [15] for finance), the
need for efficient model selection methods grows accordingly.

The TREC 2025 Million LLMs Track formalizes this challenge.
Participants receive a discovery dataset containing pre-generated
LLM responseswith associatedmetadata for a set of training queries,
and must rank models for unseen test queries. One distinctive char-
acteristic of the TREC Million LLMs Track is that the LLMs in
the pool share the same underlying base model but differ in their
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retrieval-augmented generation (RAG) document collections. Each
LLM is therefore not a distinct architecture but a distinct knowl-
edge source because of the same model augmented with a different
corpus of retrieved documents. The next-token log probabilities we
exploit as ranking signals thus reflect not only model confidence but
also the quality and relevance of the underlying retrieved context.
We hypothesize that when an RAG augmented model has relevant
documents available, it generates with high confidence because its
output is grounded in supporting evidence.

We propose using next-token log probabilities as a zero-cost
supervision signal for this task. Our key assumption is that the
average log-probability that a model assigns to its own generated
tokens reflects its generation confidence, which can serve as a proxy
for response quality. These log-probability scores are a byproduct
of generation, they require no human annotation, no external eval-
uation, and no additional computation beyond what is already per-
formed during response generation that we found in the discovery
dataset. By aggregating these signals across the discovery set, we
construct per-model capability profiles and train a LightGBM-based
ranking model [8] to predict query-LLM relevance. At test time,
ranking a new query requires only a single pass through a sentence
encoder and LightGBM inference, making the approach feasible for
pools of arbitrary size.

We evaluate several configurations and find that: (1) log-probability-
based features substantially outperform tag-based and response-
similarity baselines, (2) LLM-level global statistics are a stronger
signal than query-specific embeddings in the current setting, and
(3) the top-percentile filtering of log-probability scores yields stable
model capability estimates.

2 Methodology
2.1 Log-Probability Features for Ranking LLMs.
Query representation. For each (query 𝑞𝑖 , LLM ℓ𝑗 ) pair, we con-
struct a feature vector concatenating three components. The query
is encoded with Sentence-BERT (all-MiniLM-L6-v2) to a dense
embedding e𝑞𝑖 ∈ R384. Each LLM ℓ𝑗 is identified by a scalar in-
teger idℓ𝑗 extracted from its name (e.g. llm_0032 → 32). While
this encoding implies an arbitrary numeric ordering, LightGBM’s
gradient-boosted decision trees partition on splits rather than linear
order, effectively treating the scalar as a soft categorical identifier.
Global LLM capability statistics 𝜇 (ℓ𝑗 )global and𝜎

(ℓ𝑗 )
global are computed from

token-level log-probability aggregation (described below). The full
feature vector is:

x𝑖 𝑗 =
[
e𝑞𝑖 ; idℓ𝑗 ; 𝜇

(ℓ𝑗 )
global; 𝜎

(ℓ𝑗 )
global

]
∈ R387 (1)
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Global capability statistics. For each LLM ℓ𝑗 and discovery
query 𝑞𝑖 , we compute the average log-likelihood of the generated
response 𝑎 (ℓ𝑗 ) :

𝜇
𝑞𝑖 ,𝑎

(ℓ𝑗 ) =
1
𝑇𝑖 𝑗

𝑇𝑖 𝑗∑︁
𝑡=1

log 𝑃𝜃ℓ𝑗
(
𝑎
(ℓ𝑗 )
𝑡 | 𝑞𝑖 , 𝑎

(ℓ𝑗 )
<𝑡

)
(2)

To estimate the global capability score 𝜇 (ℓ𝑗 )global, we averaged the
top 1% of the per-query scores for ℓ𝑗 in the discovery set. This filters
out noisy, out-of-domain queries and approximates each LLM’s
best-case performance. The corresponding 𝜎 (ℓ𝑗 )

global is computed over
the same top-percentile subset, capturing the consistency of the
response.

Pseudo-relevance labels. Since no ground-truth relevance
judgments are available during training, we convert each contin-
uous score 𝜇

𝑞𝑖 ,𝑎
(ℓ𝑗 ) into a discrete relevance grade. Scores below

−2.0 are labeled 0 (low confidence), scores between −2.0 and −1.0
are labeled 1, and scores above −1.0 are labeled 2 (high confidence).
These thresholds were chosen to produce roughly balanced label
distributions over the discovery collection.

Zero-shot inference. At test time, no LLM-generated response
is available for the incoming query 𝑞∗. We rank the LLM pool as
follows: (1) embed 𝑞∗ with SBERT; (2) for each candidate LLM ℓ ,
construct the feature vector x∗ = [e𝑞∗ ; id(ℓ); 𝜇 (ℓ )global; 𝜎

(ℓ )
global] using

pre-computed LLM statistics; (3) predict a score 𝑠ℓ = 𝑓LightGBM (x∗);
(4) rank all LLMs by 𝑠ℓ in descending order. This is non-trivial
because the ranker must generalise from query-specific generation
signals observed during training to entirely unseen queries at test
time, relying on the query embedding to bridge this gap.

Training configuration. We train with LightGBM’s Lamb-
daRank objective, optimising NDCG@{1,5,10}. Learning rate: 0.05;
maximum leaves: 31; early stopping: 50 rounds; final rounds: 1,130.

2.2 Unsupervised Baselines
We evaluate two unsupervised baselines, both using BGE-M3 [2]
to rank LLMs by cosine similarity between the query embedding
and an LLM expertise profile, or response embedding.

The tag-based baseline derives each LLM’s profile fromClueWeb22
topic tags. Documents in the discovery collection are clustered by
their Bing topic tags using a union-find algorithm; each LLM is asso-
ciated with the cluster covering the majority of its RAG documents,
and the cluster tags serve as its expertise description.

The response-based baseline measures relevance by compar-
ing the test query directly to the LLM’s pre-generated response for
that same query using BGE-M3 cosine similarity; each candidate
LLM is scored by how semantically close its discovery response is to
the incoming query. Although BGE-M3 provides multi-granularity
retrieval and strong relevance matching, it is optimized for rele-
vance estimation rather than answer quality. Two LLMs can there-
fore receive similar similarity scores when both produce on-topic
outputs even if one answer is precise and well-grounded while the
other is shallow, unsupported, or hallucinatory.

2.3 Post-Submission Extension: Topic-Aware
Features

Query clustering. We encode all 14,940 discovery queries with
SBERT and cluster them into 𝐾=100 groups via 𝐾-means over
the 384-dimensional embeddings. Each cluster 𝑐𝑘 corresponds to
a latent topic derived purely from query semantics (e.g. a clus-
ter of science-related queries, a cluster of legal queries). Let C =

{𝑐1, . . . , 𝑐𝐾 } denote the set of clusters with centroids {z1, . . . , z𝐾 }.
Per-topic LLM statistics. For each (LLM ℓ𝑗 , cluster 𝑐𝑘 ) pair, let

Q𝑘 ⊂ Q be the set of discovery queries assigned to cluster 𝑐𝑘 . We
collect the per-query log-probability scores {𝜇

𝑞𝑖 ,𝑎
(ℓ𝑗 ) : 𝑞𝑖 ∈ Q𝑘 } and

apply the same top-percentile filtering used for the global statistics:
we average the top 1% of scores to obtain a topic-specific confidence
estimate 𝜇 (ℓ𝑗 )𝑐𝑘

and its standard deviation 𝜎 (ℓ𝑗 )
𝑐𝑘

. We additionally
compute three features from the raw responses within the cluster:
the refusal rate 𝑟 (ℓ𝑗 )𝑐𝑘

, defined as the fraction of responses containing
refusal phrases (e.g. “I don’t know”, “as an AI”) or shorter than
20words; themean response length 𝐿 (ℓ𝑗 )𝑐𝑘

; and the number of queries
in the cluster 𝑛𝑐𝑘 , which serves as a reliability indicator for the
estimated statistics.

Inference and feature construction.At inference, a test query
𝑞∗ is embedded with SBERT and assigned to its nearest cluster
𝑐𝑘∗ = arg min𝑘 ∥e𝑞∗ − z𝑘 ∥2. We also compute the L2 distances to
the three nearest centroids, 𝑑1 ≤ 𝑑2 ≤ 𝑑3, which serve as soft-
assignment features: a small 𝑑1 with a large gap to 𝑑2 indicates the
query sits firmly within one topic, while similar distances suggest
the query is ambiguous between clusters. The extended feature
vector becomes:

xtopic
𝑖 𝑗

=
[
e𝑞𝑖 ; idℓ𝑗 ; 𝜇

(ℓ𝑗 )
global; 𝜎

(ℓ𝑗 )
global;

𝜇
(ℓ𝑗 )
𝑐𝑘∗ ; 𝜎 (ℓ𝑗 )

𝑐𝑘∗ ; 𝑟 (ℓ𝑗 )𝑐𝑘∗ ; 𝐿 (ℓ𝑗 )𝑐𝑘∗ ; 𝑛𝑐𝑘∗︸                                 ︷︷                                 ︸
per-topic statistics

; 𝑑1; 𝑑2; 𝑑3︸     ︷︷     ︸
soft assignment

]
∈ R408 (3)

The first 387 dimensions are identical to Equation 3. The per-topic
statistics (5 dims) vary with both the LLM and the query’s cluster
assignment, providing the query-dependent LLM signal that the
global features lack. The soft-assignment distances (3 dims) vary
only with the query and allow LightGBM to learn when per-topic
statistics are reliable (query close to one centroid) versus noisy
(query between clusters).

3 Results
Figure 1 shows the distribution of 𝜇global and 𝜎global across the LLM
pool. The majority of models cluster in a moderate-confidence zone
(𝜇global ∈ [−1, 0], 𝜎global ∈ [0, 0.5]), suggesting the pool is domi-
nated by models with broadly similar global confidence profiles.

Baseline performance The tag-based baseline achieves low
performance with NDCG@10 of 0.013. We attribute this to a granu-
larity mismatch: ClueWeb22 topic tags are coarse categorical labels
(e.g. ‘̀Finance,” “Health”), while effective LLM selection requires
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Figure 1: Distribution of LLMs global capability statistics
𝜇global and 𝜎global. A large proportion of LLMs exhibit 𝜇global val-
ues within the range [-1,0] and 𝜎global values within the range
[0, 0.5]. A smaller cluster of high-confidence, low-variance
models (top-left region) and a sparse set of negative-𝜇 out-
liers (bottom-left) reflect models with systematically differ-
ent generation behaviour. The top-10 models within each
cluster are highlighted; these constitute the candidates most
likely to be ranked first by the LightGBM system.

Table 1: Ranking performance on the TREC Million LLMs
evaluation set. The first five rows are submitted runs; the last
row (†) is a post-submission result evaluated on the 342-query
development set. Unsupervised baselines (top) use BGE-M3
cosine similarity; supervised models (bottom) use LightGBM
LambdaRank trained on log-probability pseudo-relevance
labels.

Model N@1 N@5 N@10 MRR

BGE-M3 + tags .015 .013 .013 .047
BGE-M3 + responses .223 .168 .195 .425

LTR (ID + 𝜇,𝜎) .376 .359 .359 .622
LTR-full .374 .361 .364 .620
LTR (emb + ID) .363 .370 .370 .624

LTR-full + topics† .424 .411 .405 .688

N@𝑘 = NDCG@𝑘 . BGE-M3 + tags: cosine similarity between query and ClueWeb22
topic-tag profile. BGE-M3 + responses: cosine similarity between query and LLM’s
generated response. LTR-full: query emb. + LLM ID + 𝜇global + 𝜎global (387-dim).
LTR (ID + 𝜇,𝜎): LLM ID + global stats only (no query embeddings). LTR (emb + ID):
query emb. + LLM ID only (no global stats). †LTR-full + topics: LTR-full extended
with per-topic LLM statistics via 𝐾 -means query clustering (408-dim);
post-submission preliminary result on 342 dev queries.

fine-grained, query-level matching. Computing semantic similar-
ity between a query and a bag-of-topic-tags representation funda-
mentally compares different levels of abstraction. The response-
based baseline, with an NDCG@10 of 0.195, outperforms the model-
generated-answer baseline by operating on the model-generated

answers. However, it remains limited by the BGE-M3 reranker’s
ability to assess response quality solely on the basis of semantic
similarity. BGE-M3 is trained to measure topical relevance, whether
two texts discuss the same subject, not to assess whether a response
is accurate, complete, or well-reasoned. An LLM that produces a
fluent but shallow on-topic answer will receive a similar BGE-M3
score to one that provides a precise, well-reasoned response, since
both are semantically close to the query. The supervised LightGBM
approach offers an alternative by learning a structured ranking
objective directly from log-likelihood signals, and query properties
that capture the model’s answer-generation confidence given a
query.

Ablation: Query Embeddings and Global Statistics. Elim-
inating the query-embedding features produces only a marginal
reduction in ranking effectiveness (NDCG@10: 0.364 vs. 0.359), in-
dicating that global LLM-level statistics constitute a substantially
stronger predictive signal than query-specific semantic matching.
A plausible interpretation is that 𝜇global and 𝜎global encode a broad,
query-agnostic hierarchy of model quality: certain LLMs consis-
tently outperform others across a wide range of information needs,
leaving limited additional variance for the query embeddings to
explain.

Conversely, removing 𝜇global and 𝜎global while retaining the query
embeddings and the LLM identifier yields an NDCG@10 of 0.370,
slightly surpassing the full model. This outcome is less counterin-
tuitive than it may initially appear. Because the pseudo-relevance
labels used during training are derived from log-probability scores,
LLMs that exhibit higher confidence tend to receive higher labels
across many queries. As a result, LightGBM can infer each model’s
general competence directly from the identifier feature, rendering
explicit global statistics as LTR feature partially redundant.

Taken together, these findings suggest that the system primarily
learns a query-independent ordering of LLM quality: it tends to
produce similar rankings regardless of whether the query pertains
to biology, law, or history. Such behavior is reasonable if some
document collections are uniformly stronger than others, but it
also limits the system’s ability to exploit cases in which a gener-
ally weaker LLM provides superior coverage for a specific domain.
The topic-aware extension introduced in Section 2.3 mitigates this
limitation by incorporating per-topic statistics that vary with the
query’s domain, thereby enabling domain-sensitive routing rather
than relying on a fixed global hierarchy.

Topic-aware features. The final row of Table 1 presents a
post-submission experiment that augments the global-only fea-
ture set with per-topic LLM statistics. Evaluated on the 342-query
development set, this topic-aware variant yields higher NDCG
scores across the board. The improvement indicates that LLM per-
formance varies systematically across query domains and that a
single global capability estimate obscures these differences. Incor-
porating topic-conditioned statistics allows the ranker to better
capture domain-specific strengths in each model’s RAG corpus,
enabling more accurate query-adaptive routing.

4 Limitations and Future Work
Our approach has several limitations that suggest directions for
future work.
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Confidence as a proxy for correctness. The core assumption
underlying our pseudo-relevance labels is that log-probability con-
fidence corresponds to higher response quality. However, a model
can produce fluent, high-probability responses that are factually in-
correct. Recent work has shown that log-probability confidence can
fundamentally diverge from predictive accuracy [12], particularly
in out-of-distribution settings, such as our test queries that differ
from discovery queries. Our approach may therefore systematically
favour overconfident models over genuinely capable ones.

Topic clustering configuration. Our topic-aware extension
(Section 2.3) uses a fixed 𝐾=100 clustering with a single percentile
threshold, chosen without systematic tuning. The optimal num-
ber of clusters likely depends on the diversity of the LLM pool
and the query distribution: too few clusters may group unrelated
topics together, while too many may yield sparse clusters with
unreliable per-LLM statistics. Ablating across different values of
𝐾 , experimenting with alternative clustering methods (e.g. hier-
archical clustering or supervised topic models), and testing the
sensitivity to the top-percentile threshold would strengthen the
conclusions. Additionally, the current evaluation reports point esti-
mates without confidence intervals or significance tests. Given that
the development set contains 342 queries and the differences be-
tween some LightGBM variants are small (e.g. NDCG@10 of 0.364
vs. 0.359), bootstrap confidence intervals and paired significance
tests are needed to determine which observed differences reflect
genuine improvements versus sampling variability. This applies
both to the topic-aware extension and to the ablation comparisons
in Table 1.

5 Related Works
Learning to rank and LLM routing. Supervised learning-to-rank
(LTR) models are central to modern information retrieval [1, 5, 9],
though their application to ranking models rather than documents
is comparatively recent. We adopt LightGBM’s [8] LambdaRank
objective because it naturally handles grouped data (multiple LLMs
per query) and incorporates heterogeneous features without prepro-
cessing. Among approaches to LLM ranking, some rely on human-
labelled preferences or LLM-as-a-judge frameworks [4, 14, 17],
while others learn model–task embeddings from historical bench-
mark performance [16]. Our approach uses next-token log probabil-
ities instead, requiring no evaluation data beyond what generation
already produces.

Log probabilities as quality signals. Recent work suggests
that token-level log probabilities correlate with semantic plausibil-
ity and contextual coherence [3, 7], and modern APIs expose these
scores for confidence assessment [10, 13]. We exploit this by using
mean log probabilities as pseudo-relevance labels for LTR training.
However, the reliability of this signal has known limits: Hu et al. [6]
show that perplexity does not reliably predict long-context under-
standing, and Veličković et al. [12] prove that confident models
necessarily produce high-confidence incorrect outputs on some
inputs. In our RAG setting, log-probability confidence is a more
informative signal than in pure generation, because a model that
has relevant documents in its context will generate more confi-
dently than one that does not. That said, high confidence does not

guarantee a correct answer since a model may still hallucinate or
misread its retrieved documents.
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