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Abstract

Dense retrievers can blur the distinctions be-
tween short, jargon-heavy records that share
most of their vocabulary. We study Lex-TM,
a training-free layer that interpolates dense co-
sine similarity with the Jensen—Shannon sim-
ilarity of topic distributions from an LDA
model whose topic—word prior is scaled by a
Herfindahl-Hirschman (HHI) exclusivity score.
On NTCIR-13 MedWeb, cast as retrieving
tweets that share a query’s exact symptom-
label set, Lex-TM reaches an English MRR
of 0.8151 against 0.7081 for BM25+dense re-
ciprocal rank fusion, a significant paired differ-
ence; in Japanese and Chinese the differences
from fusion are not significant. With Qwen3-
Embedding-0.6B, routing improves on dense
retrieval significantly in English and Chinese.
Three findings bound these gains. SPLADE++
and BGE-M3’s multi-vector mode match or
exceed Lex-TM. In English and Chinese the
gain depends on the label strings in the indexed
tweets: without them, routing no longer im-
proves on dense retrieval. The HHI prior brings
no benefit: on short texts it becomes a rarity
weight, and a symmetric prior performs as well
across five Gibbs seeds. Outside MedWeb, rout-
ing matches dense retrieval on Chinese medi-
cal QA and lowers nDCG@ 10 on ChatDoctor,
FiQA and long biomedical abstracts. Code,
seeds and a changelog of fixed bugs are re-
leased.

1 Introduction

Retrieval-augmented generation (RAG) grounds
language models in retrieved evidence (Lewis et al.,
2020; Asai et al., 2024), so errors made by the re-
triever become errors made by the generator. Cur-
rent retrievers are mostly dense bi-encoders: mul-
tilingual encoders such as BGE-M3 (Chen et al.,
2024), embedders built on small language models
such as Qwen3-Embedding (Zhang et al., 2025),
and retrievers built on modern bidirectional en-
coders such as ModernBERT (Warner et al., 2025).

Each maps a query and a document to a vector and
ranks documents by cosine similarity.

In specialized collections of short records, many
documents share most of their words. Patient
reports mention the same few complaints (fever,
runny nose, cough), and what separates one report
from another is a small number of distinguishing
terms. A dense encoder summarizes each record
as a single vector, which can be dominated by the
shared content, so a query can land nearest to a
record that is close but wrong. We call this the fok-
enizer trap. Zero-shot dense retrievers are known to
trail lexical matching on many specialized corpora
(Thakur et al., 2021), and the trap is one plausible
cause.

One might expect the problem, and the benefit
of fixing it, to be larger in Chinese and Japanese,
where word segmentation produces dense overlaps
of short character sequences. Our results do not
show a uniform benefit for these languages. Sev-
eral language-specific factors pull in different di-
rections: how the segmenter treats the distinguish-
ing terms, the strength of the lexical baseline, the
quality of the dense encoder in each language, and
document length (Section 6.4).

Stronger retrievers address the trap by learning
finer-grained representations: learned sparse mod-
els such as SPLADE (Formal et al., 2021, 2022),
late-interaction models such as ColBERT (Khattab
and Zaharia, 2020), and domain-adapted encoders.
These require training, larger indexes, or both. Fus-
ing lexical and dense rankings (Cormack et al.,
2009) is training-free, and filtering retrieved pas-
sages with a language model (Asai et al., 2024)
adds inference cost at query time.

We study a lighter alternative: keep the dense
encoder frozen and add a second similarity chan-
nel computed from topic distributions. Lex-TM
fits a latent Dirichlet allocation (LDA) model
(Blei et al., 2003; Griffiths and Steyvers, 2004)
to the collection with a Dirichlet prior scaled by
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a Herfindahl-Hirschman exclusivity score, and in-
terpolates dense cosine similarity with the Jensen—
Shannon similarity between the topic distributions
of the query and the document. The topic model
runs on a CPU and needs no labeled data. Figure 1
shows both channels on a MedWeb query. Our
contributions are:

* A training-free routing layer that interpolates
a frozen dense retriever with topic-distribution
similarity, with an HHI-scaled asymmetric
topic—word prior (Section 3).

* An evaluation on MedWeb in three languages
against lexical, dense, fusion, learned-sparse
and multi-vector baselines, under two en-
coders and with paired significance tests, to-
gether with further medical, non-medical,
open-domain and long-document collections
(Section 5). Lex-TM improves significantly
over fusion in English, and the differences
in Japanese and Chinese are not signif-
icant; SPLADE++ and BGE-M3’s multi-
vector mode match or exceed it, while BGE-
M3’s learned-sparse mode does not.

* An analysis of when routing helps and why
(Section 6). The gain comes from routing
through topics, not from the prior, which on
short texts reduces to a rarity weight akin to
inverse document frequency. In English and
Chinese the topics lock onto the label strings
that the indexed tweets contain: without them,
routing no longer improves on dense retrieval.
Outside MedWeb, routing does not help. We
also state precisely how MedWeb queries are
constructed: each query is a label string that
every relevant document contains.

2 Related Work

Dense, sparse and late-interaction retrieval.
Dense passage retrieval (Karpukhin et al., 2020) re-
placed lexical matching with BM25 (Robertson and
Zaragoza, 2009) as the default first stage for RAG;
current encoders include BGE-M3 (Chen et al.,
2024), which also produces lexical weights and
multi-vector representations, and LLM-based em-
bedders such as Qwen3-Embedding (Zhang et al.,
2025). BEIR showed that dense models often trail
BM25 outside their training domain (Thakur et al.,
2021); larger encoders narrow the gap (Ni et al.,
2022). Learned sparse retrievers (Formal et al.,

2021, 2022) and late-interaction retrievers (Khat-
tab and Zaharia, 2020) keep term-level evidence
that single-vector encoders compress away. Re-
ciprocal rank fusion (RRF) (Cormack et al., 2009)
is the standard training-free way to combine lexi-
cal and dense rankings, and we use it as our main
baseline.

Topic models for retrieval. LDA (Blei et al.,
2003) fitted by collapsed Gibbs sampling (Grif-
fiths and Steyvers, 2004) was used for ad-hoc re-
trieval by interpolating topic-based document mod-
els with query likelihood (Wei and Croft, 2006);
Lex-TM’s topic channel follows the same idea but
interpolates with a frozen dense encoder and com-
pares topic distributions with a Jensen—Shannon
distance. Wallach et al. (2009) found that an asym-
metric Dirichlet prior over document—topic distri-
butions helps LDA, whereas an asymmetric prior
over topic—word distributions brings no real bene-
fit; our HHI-scaled prior is of the second kind, and
Section 6.2 finds no benefit from it either. Short
texts are a known weak spot for LDA (Yan et al.,
2013). Embedding-based topic models such as
BERTopic (Grootendorst, 2022) and CTM (Bianchi
et al., 2021) produce topics as an output rather than
as a retrieval signal.

3 Method

Let D be a collection of N documents over a vo-
cabulary V, modeled with K topics.

3.1 HHI-Scaled Topic—Word Prior

For a term v let ¢, 4 be its count in document d
and ¢, = ), ¢y q. With P(d | v) = ¢y,4/cy, the
Herfindahl-Hirschman index measures how con-
centrated the term is across documents,

HHI, = Z P(d|v)?, (1)

deD

and its min—max normalization over the vocabulary
gives the exclusivity score E,, € [0, 1]. Terms with
E, > 7 receive amplified prior mass,

ﬁv _ {6base (1 + /\EU)

if £, >
if By > T, @)

Bbase otherwise,

and the vector 5 replaces the symmetric 3 in the
topic—word term of the collapsed Gibbs condi-
tional,

Plzi=k| ) x« ——r——
( ) Nk,—i + Dy Bo

(Y +a). 3
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Dense channel ‘

Dense alone (y = 1), rank 1: not relevant

saense = 3 (1+cos(eq, €a)) |

Query (label string)

Patient symptoms:
Diarrhea, Fever.

Patient symptoms: Diarrhea. It’s been several
days with diarrhea.

Lex-TM (v = 0.7), rank 1: relevant

Topic channel
Stopic = 1 — dys(0q, 0a)

P

Lex-TM score
v Sdense + (1 —7Y) Stopic

Patient symptoms: Diarrhea, Fever. I have
a fever and my stomach hurts. I’'m staying

home.

Figure 1: A real case from the English MedWeb evaluation (BGE-M3). Documents are indexed as their label string
(grey) followed by the tweet. Ranking by the dense channel alone (v = 1) puts a document with a different label set
first, and the first relevant document is at rank 6; the Lex-TM score (y = 0.7) ranks a document with the query’s

exact label set first.

Setting 7 > 1 recovers standard LDA with a sym-
metric prior. If every term occurs at most once
per document, P(d | v) = 1/df, for each of the
df, documents containing v, so HHI, = 1/df,
exactly and E, is a decreasing function of doc-
ument frequency: the exclusivity score is then a
rarity score, like inverse document frequency. Sec-
tion 6.2 shows that MedWeb is in this regime.

3.2 Topic Inference

Gibbs sampling yields topic—word distributions ¢j.
A document or query x with term counts 7 ,, re-
ceives the topic distribution

O (k) o< @+ > N P )

a single fold-in step applied to documents at index-
ing time and to queries at search time.

3.3 Routing Score

With a frozen dense encoder producing normalized
embeddings e, €4, the score of document d for

query q is

s(q,d) = Yq %(1 + COS(eQ7 ed))

+ (1= 79) (1 — dis(8y,64)), )

where djg is the Jensen—Shannon distance, the
square root of the Jensen—Shannon divergence
computed with natural logarithms (as in SciPy).
v = 1 recovers dense retrieval and v = 0 ranks
by topic similarity alone. Two rules adjust the
weight v, per query. Entropy adaptation lowers
it when the query’s topic distribution is concen-
trated, v, = — 0.2(1 — H(6,)/log K), clipped
to [y — 0.2, v]; our main configuration uses it, al-
though it changes MRR by at most 0.0009 (seed
42; Table 3). A sparsity gate sets 7, = 1 when
the query has fewer than § in-vocabulary terms,
because a topic distribution inferred from two or

three words is close to uniform. We apply the gate
(6 = 5) to the open-domain sets with short factoid
queries and not to MedWeb, whose label-string
queries have 2—7 content terms: with 6 = 5 the
gate would switch routing off for 21 of the 39 Med-
Web queries. Appendix A gives the full procedure
(Algorithm 1).

4 Experimental Setup

4.1 MedWeb and Its Label-Set Protocol

NTCIR-13 MedWeb (Wakamiya et al., 2017) pro-
vides 2,560 pseudo-tweets in each of English,
Japanese and Chinese (training and test portions
combined; the partitions are parallel), each anno-
tated with eight binary symptom labels: influenza,
diarrhea, hay fever, cough, headache, fever, runny
nose and cold. MedWeb has no queries or rele-
vance judgments, so we derive both from the labels.
A tweet’s positive labels are rendered as a canon-
ical label string, for example “Patient symptoms:
Hayfever, Runnynose.” (“Routine health status.”
if no label is positive), with fixed Japanese and
Chinese equivalents. Each distinct label string is a
query, and every tweet with exactly that label set is
relevant. Each partition has 39 label sets, with 1 to
725 relevant tweets (median 6; 21 sets have fewer
than ten). Each tweet is indexed as its label string
followed by the tweet text.

Two consequences follow, and they matter for
reading the MedWeb results. First, every relevant
document contains its query verbatim, and docu-
ments with overlapping label sets contain most of
it: the task is to rank an exact label-set match above
near misses such as {Hayfever, Fever, Runnynose}
for the query {Hayfever, Runnynose}. This is the
saturation setting we target, but it measures discrim-
ination between label sets, not clinical relevance.
Second, the label strings carry much of the lexical
signal: removing them from the indexed text low-
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ers Pure BM25 from 0.6566 to 0.1398 in English
(0.5855 t0 0.1906 in Japanese, 0.7579 to 0.2435 in
Chinese); Section 6.3 repeats this control for the
dense and routed systems. After preprocessing, a
document has 9.2, 8.4 and 7.8 content tokens in
English, Japanese and Chinese, including its label
string, and 5.9, 5.1 and 4.8 without it; before filter-
ing, an English tweet has 12.9 words, and Japanese
and Chinese tweets have 13.4 and 11.2 segmenter
tokens, punctuation included.

4.2 Other Collections

ChatDoctorRetrieval (Enevoldsen et al., 2025; Li
et al., 2023) pairs 5,591 patient questions with
physician answers (5,545 answers, one relevant
each; we evaluate the 5,583 questions whose an-
swer survives chunking); CmedqaRetrieval (Xiao
et al., 2024; Zhang et al., 2018) pairs Chinese
medical questions with answers (dev split, 3,999
questions, full corpus of 100,001 answers); FiQA-
2018 (Maia et al., 2018) is financial question an-
swering, our domain beyond medicine. MIRACL-
zh (Zhang et al., 2023) (a 100k-passage subset)
and subsamples of Mr. TyDi (Zhang et al., 2021)
(Japanese, Thai) test short open-domain queries;
TREC-COVID (Roberts et al., 2020) and NFCor-
pus (Boteva et al., 2016) from BEIR (Thakur et al.,
2021) test long biomedical documents; two news
and two review collections are reported in Ap-
pendix H.

4.3 Systems

Pure BM25 (Okapi, k1=1.5, b=0.75) uses the
same tokenizer as the topic model: NLTK with
lemmatization for English, MeCab with IPAdic for
Japanese and jieba for Chinese, keeping tokens of
at least three Latin or two CJK characters after
stop-word removal. Pure Dense uses BGE-M3; our
stronger encoder is Qwen3-Embedding-0.6B with
its query instruction (documents are not prompted).
RRF fuses the BM25 and dense rankings with
k=60. As learned-sparse and late-interaction base-
lines we use BGE-M3’s lexical-weight and multi-
vector outputs (the latter scored ColBERT-style, as
the mean over query tokens of the maximum dot
product) and their combination with its dense out-
put using the weights recommended with the model
(0.4/0.2/0.4); for English we add SPLADE++ (For-
mal et al., 2022). LDA routing is Lex-TM with
7 = 1.1, which switches off the HHI amplification;
it runs without entropy adaptation, and Table 3
compares it with Lex-TM under the same setting,

which isolates the prior’s contribution.

4.4 Protocol and Statistics

We report MRR @20 (reciprocal rank of the first
relevant document within the top 20, zero other-
wise) on MedWeb, and nDCG @ 10 on ChatDoctor,
CmedgaRetrieval, FiQA, TREC-COVID and NF-
Corpus. MedWeb results cover all 39 label sets
of each partition. The submitted version reported
results on 32 test label sets after choosing 7 on
the other seven; this version evaluates every la-
bel set (Appendix B gives the history). Neither
hyperparameter was chosen strictly out of sam-
ple: v = 0.7 was fixed after early sweeps over
~v € {0.7,0.9,1.0} on all label sets, and 7 = 0.8
was chosen on the seven validation sets, which the
reported results include. Table 3 therefore reports
both sweeps in full; 7 moves English and Chinese
MRR by at most 0.0014 and Japanese MRR by
0.0124, so its choice cannot drive the results. We
use 7 = 0.7 on every collection, K = 20 topics
on MedWeb and 50 elsewhere, A\ = 2, o = 0.1,
Bpase = 0.01 and 500 Gibbs sweeps with seed 42
(Section 6.1 repeats the MedWeb runs with four
further seeds). We report 95% bootstrap confi-
dence intervals (Efron and Tibshirani, 1993) and,
for Lex-TM against each baseline, a paired boot-
strap interval for the mean per-query difference
(10,000 resamples) together with a paired random-
ization test (Smucker et al., 2007) (Appendix C);
we call a difference significant when the paired
interval excludes zero and the randomization test
gives p < 0.05. With 39 queries per partition,
intervals are wide.

5 Results
5.1 MedWeb

Table 1 gives the main results. In English, Lex-
TM reaches an MRR of 0.8151 against 0.7081 for
RRF (+15.1% relative); the paired interval for the
difference excludes zero and the randomization test
gives p = 0.001. It also exceeds Pure BM25 and
Pure Dense by wide margins. In Japanese Lex-TM
leads RRF by 0.018 and in Chinese it trails RRF by
0.030; neither difference is significant. In Chinese,
Pure BM25 (0.7579) scores higher than BGE-M3
dense retrieval and, though not significantly, Lex-
TM, for reasons discussed in Section 6.4.

Learned-sparse and late-interaction baselines.
Two of the stronger baselines requested in review
do better than Lex-TM. BGE-M3’s multi-vector
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English Japanese Chinese
Lexical, learned-sparse and late-interaction baselines
Pure BM25 0.6566 0.5855 0.7579
BGE-M3 learned sparse 0.5687 0.6935 0.5944
BGE-M3 multi-vector (late interaction) 0.8387 0.8036 0.7786
BGE-M3 dense + sparse + multi-vector 0.7475 0.7434 0.7158
SPLADE++ 0.8631 - -

Encoder: BGE-M3
Pure Dense
BM25 + Dense RRF (k=60)

LDA routing (7=1.1, symmetric prior)*

Lex-TM (7=0.8)
A vs. RRF
A vs. Pure BM25
A vs. LDA routing

0.6596 [0.52, 0.79]
0.7081 [0.58, 0.83]
0.8147 [0.70, 0.92]
0.8151 [0.70, 0.92]
+0.107 [+0.041, +0.181]
+0.159 [+0.055, +0.270]
+0.000 [—0.038, +0.039]

0.6323 [0.50, 0.76]
0.6883 [0.55, 0.82]
0.7062 [0.57, 0.83]
0.7063 [0.57, 0.83]
+0.018 [—0.063, +0.104]
+0.121 [—0.005, +0.247]
+0.000 [+0.000, +0.000]

0.6266 [0.49, 0.76]
0.7716 [0.65, 0.88]
0.7415 [0.61, 0.86]
0.7420 [0.62, 0.86]
—0.030[—0.095, +0.031]
—0.016[—0.117, +0.083]
+0.001 [—0.002, +0.003]

Encoder: Qwen3-Embedding-0.6B
Pure Dense
BM25 + Dense RRF (k=60)
Lex-TM (7=0.8)

A vs. Pure Dense

A vs. RRF

0.7436 [0.62, 0.85]

0.7944 10.67,0.91]

0.8515 [0.75, 0.94]
+0.108 [+0.045, +0.178]
+0.057 [+0.012, +0.118]

0.7949 [0.68, 0.90]

0.7604 [0.63, 0.88]

0.8175 [0.71, 0.92]
+0.023 [—0.021, +0.069]
+0.057 [—0.014, +0.143]

0.6849 [0.55, 0.81]

0.7965 [0.68, 0.90]

0.8241 [0.71, 0.92]
+0.139 [+0.064, +0.229]
+0.028 [—0.051, +0.108]

Table 1: MedWeb label-set retrieval: MRR @20 over the 39 label sets of each partition; brackets give 95% bootstrap
intervals. A rows give Lex-TM’s mean per-query difference with a paired bootstrap interval (10,000 resamples). The
first block does not depend on the encoder used with Lex-TM; SPLADE++ (checkpoint naver/splade-cocondenser-
ensembledistil) is English-only. *Without entropy adaptation; Table 3 compares the two priors with all other settings

equal.

mode, scored by late interaction, reaches 0.8387,
0.8036 and 0.7786, above Lex-TM in all three
languages and significantly so in Japanese (Lex-
TM minus multi-vector: —0.097 (—0.171, —0.0351), and
SPLADE++ reaches 0.8631 in English; the En-
glish differences are not significant (Appendix C).
Lex-TM does beat BGE-M3’s learned-sparse mode
significantly in English and Chinese, and its com-
bined mode in English (+0.068 (+0.014, +0.137]). Late
interaction and SPLADE++ therefore avoid most
of the tokenizer trap on their own. What Lex-TM
offers instead is a small index: one dense vector
and one K -dimensional topic vector per document
(K = 20 on MedWeb), where late interaction
stores one vector per token.

Stronger encoder. With Qwen3-Embedding-
0.6B, dense MRR rises to 0.7436, 0.7949 and
0.6849, and Lex-TM reaches 0.8515, 0.8175 and
0.8241: routing adds +0.108, +0.023 and +0.139
over dense retrieval, significantly in English and
Chinese, and in English it also beats Qwen3-based
RREF significantly (+0.057 (+0.012, +0.1181). The topic
channel is identical under both encoders (it never
sees the embeddings). Its gain shrinks where the
encoder improves most (Japanese: +0.074 over
BGE-M3, +0.023 over Qwen3), so part of what
routing adds to BGE-M3 corrects errors that a bet-

ter encoder avoids; it is largest in Chinese, where
the Qwen3 dense model is weakest.

5.2 Beyond MedWeb

Table 2 reports the other collections, and Ap-
pendix F adds the learned-sparse and late-
interaction baselines. Routing does not help outside
MedWeb. On CmedqaRetrieval Lex-TM matches
dense retrieval (0.3343 vs. 0.3372 nDCG@10). On
ChatDoctor, where on average only 16% of a ques-
tion’s distinct content words occur in its answer,
it lowers nDCG @ 10 from 0.5806 to 0.4933, and
on FiQA-2018, our non-medical collection, from
0.4025 to 0.2887; the symmetric prior changes
these results by less than 0.01. On long biomed-
ical abstracts routing also hurts: Lex-TM falls
below dense retrieval on TREC-COVID (0.4069
vs. 0.5699) and NFCorpus (0.2575 vs. 0.2900).
A likely cause is that long abstracts mixing sev-
eral topics yield diffuse topic distributions that
add noise to the dense score; these are earlier-
pipeline runs, and we did not test this explanation.
On the open-domain sets the sparsity gate hands
short factoid queries to the dense model, and Lex-
TM matches dense retrieval on MIRACL-zh and
Mr. TyDi-ja. On Thai it falls below the dense base-
line; Thai lacks a segmenter comparable to MeCab
or jieba, and we did not rerun these earlier-pipeline
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Collection Type Metric BM25 Dense RRF Lex-TM A vs. Dense
ChatDoctor (en) medical Q€A nDCG@10 0.3325 0.5806 0.4967 0.4933 —0.087
CmedqgaRetrieval (zh) medical QA nDCG@10 0.1568 0.3372  0.2595 0.3343 —0.003
FiQA-2018 (en) finance QA nDCG@10 0.2122 0.4025 0.3374  0.2887 —0.114
TREC-COVID (en)*  biomedical nDCG@10 0.4485 0.5699 0.6603 0.4069 —0.163
NFCorpus (en)? biomedical nDCG@10 0.2661 0.2900 0.3079  0.2575 —0.033
MIRACL (zh)* opendomain MRR@20* 0.2035 0.4474 0.3240"  0.4479 +0.001
Mr. TyDi (ja)* opendomain  MRR@20* 0.4003 0.7724 0.58967  0.7726 +0.000
Mr. TyDi (th)* opendomain MRR@20* 04929 0.8259 0.6774" 0.7811 —0.045

Table 2: Collections beyond MedWeb (BGE-M3, v = 0.7). *Earlier-pipeline runs, not repeated for this version
(Appendix G); they use a sparsity gate (6 = 5 on the open-domain sets, § = 3 on TREC-COVID and NFCorpus).
*Each relevant passage is scored as a separate query—passage pair. 'RRF with & = 600 (earlier baseline script; all

other RRF results use k£ = 60).

Configuration EN JA ZH
Lex-TM (final: v=0.7, 7=0.8) 0.8151 0.7063 0.7420
without entropy adaptation ~ 0.8142 0.7063 0.7420
.. and 7=0.5 0.8156 0.6938 0.7409
.. and 7=1.1 (no HHI) 0.8147 0.7062 0.7415
with query smoothing 0.1 0.7837 0.6980 0.7241
~v=1.0 (Pure Dense) 0.6596 0.6323 0.6266
~v=0.9 0.7243 0.6797 0.6835
v=0.8 0.7376  0.6900 0.7173
v=0.7 0.8142 0.7063 0.7420
v=0.6 0.8260 0.7106 0.7580
v=0.5 0.8229 0.7136 0.8000
~=0 (topic only) 0.7824 0.5597 0.7708

Table 3: Ablations on MedWeb (BGE-M3, MRR @20).
The v sweep is without entropy adaptation at 7 = 0.8.
*Earlier diagnostic run with entropy adaptation; smooth-
ing blends 6, with the uniform distribution and is off in
the final configuration.

results to analyze the gap.

Efficiency. Routing needs no GPU training: the
topic model is fitted by a Gibbs sampler on the CPU.
In the earlier pipeline, the 100k-passage MIRACL
subset took three hours end to end, of which the
routing step took three minutes after embedding,
and a 187,176-document airline-review collection
(Appendix H) took 24 hours, of which 19 were
spent on dense embeddings and topic distributions.

6 When Does Routing Help?
6.1 Hyperparameters

Table 3 separates the components. The interpo-
lation weight matters most: English MRR rises
from 0.6596 with dense retrieval alone to 0.7243 at
v =0.9and 0.8142 at v = 0.7, and it peaks at 7 =
0.6 (0.8260); in Chinese, v = 0.5 reaches 0.8000,
above RREF, although neither difference is signif-
icant. We keep v = 0.7, which was fixed before

these sweeps: choosing v on the same label sets
would overstate the gain. The exclusivity threshold
barely matters: across 7 € {0.5,0.8,1.1}, English
and Chinese MRR change by at most 0.0014 and
Japanese by 0.0124, and switching the prior off en-
tirely (7 = 1.1) matches the final configuration to
within 0.0005 on every partition with seed 42. En-
tropy adaptation changes MRR by at most 0.0009
with seed 42. All three effects are smaller than the
variation across Gibbs seeds: over 5 seeds, Lex-
TM’s MRR varies more than it does across 7 in
every language (by up to 0.0147, in Japanese), and
averaged over seeds the HHI prior is no better than
the symmetric one (mean difference without adapta-
tion +0.0005 in English, —0.0066 in Japanese and
+0.0004 in Chinese; standard deviations 0.0020,
0.0063 and 0.0013). Smoothing the query’s topic
distribution towards uniform, used in an earlier con-
figuration, lowered MRR in all three languages and
is off in the final configuration.

6.2 Why the Prior Is Inert on MedWeb

MedWeb documents are short enough that terms
rarely repeat within a document: 93.5%, 92.5% and
91.8% of term—document pairs have a count of one
(EN, JA, ZH). HHI is therefore essentially 1/df
(Section 3.1); its Spearman correlation with docu-
ment frequency is —0.9994 (EN, JA) and —0.9996
(ZH). At 7 = 0.8 the amplified terms are exactly
those that occur in two documents (255 of 909
English terms, 285 of 921 Japanese, 307 of 921
Chinese); at 7 = 0.5 they are the terms that oc-
cur in two or three documents and a handful that
occur in four. None of the 11-13 distinct query
terms per language is amplified: the rarest occurs
in 130 (EN), 241 (JA) and 280 (ZH) documents,
and query terms have F, < 0.013. Amplifying the
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prior mass of the rarest terms reorders the lower-
ranked words of a topic but keeps the label words
that head it: matched by their ten top words, the top-
ics with and without the prior share 7.5 (English),
7.7 (Japanese) and 7.0 (Chinese) of them on aver-
age (Table 4). The gain in Table 1 thus comes from
routing through topics that recover MedWeb’s label
structure, in English and Chinese largely from the
label strings themselves (Section 6.3), and not from
the HHI prior. On the three new collections, whose
documents are longer, the prior did not help either,
and on ChatDoctor it slightly hurt (Appendix F).

6.3 Query Types and Document Structure

Query types. In English, the gain over RRF comes
from label sets with two or more labels (English
MRR 0.897 vs. 0.737 with two labels, 0.729 vs.
0.613 with three to five) and from sets with fewer
than 100 relevant tweets; on the English single-
label sets and the nine largest sets, dense retrieval,
RRF and Lex-TM score the same (Appendix D).
Because MRR weights every label set equally,
the 21 sets with fewer than ten relevant tweets
carry more than half of the metric. On the open-
domain sets, short factoid queries are routed to the
dense model by the sparsity gate; without the gate,
routing lowered MRR on all three (MIRACL-zh
0.4246, Mr. TyDi-ja 0.7643, -th 0.7513, against
dense 0.4474, 0.7724 and 0.8259).

Label strings. Removing the label strings from
the indexed MedWeb text changes Lex-TM from
0.8151 to 0.3808 in English, against 0.3723 for
dense retrieval and 0.2017 for RRF (Appendix E).
Without the label strings, routing no longer im-
proves on dense retrieval in English (+0.008) or
Chinese (+0.002), and the same holds with Qwen3-
Embedding. Japanese is the exception: the differ-
ence, +0.108, is larger than with the label strings,
but it misses significance (p = 0.060). In English
and Chinese, then, the topics recover MedWeb’s
label structure because the labels are written into
the documents. Without them, routing still beats
RRF significantly in English and Japanese, because
BM25 collapses (to 0.1398 in English).

Document structure. Routing helps on Med-
Web, whose documents are short and fall into dis-
crete categories (7.8-9.2 content tokens per docu-
ment, 39 label sets). It hurts on TREC-COVID
and NFCorpus, whose documents are long (92
and 132 content tokens) and mix topics, and on
two question—answer collections, ChatDoctor and
FiQA; on CmedqaRetrieval it matches dense re-

trieval. These observations are consistent with four
conditions raised during review, which we adopt
as Lex-TM’s operating envelope: a specialized do-
main; heavy lexical overlap with a few distinguish-
ing terms; documents that each concentrate on one
topic; and documents long enough for topic in-
ference but short enough not to mix topics. The
label-free control suggests a fifth: in English and
Chinese, the gain depends on category words that
appear verbatim in the documents. Our experi-
ments do not test the conditions separately.

6.4 Multilingual Differences

Four factors separate the partitions. Tokenization of
the distinguishing terms. Our preprocessing drops
single-character CJK tokens. Every Chinese symp-
tom name is a multi-character jieba word ({£457
g “hay fever”, B “runny nose”, KI5 “fever”),
but MeCab returns the Japanese # (fever) as one
character and splits {EA}E into TEM+IiE. Fever
therefore disappears from Japanese queries and la-
bel strings in the lexical and topic channels (tweets
keep compounds such as ff{EL and /= %), the
cough label I% - 7= A is reduced to /= A (phlegm),
and 24 of the 39 Japanese label strings share their
bag of words with another label string (27 distinct
bags of words, against 39 in English and Chinese).
This caps what BM25 and the topic channel can do
in Japanese, and Japanese BM25 is also the most
sensitive to how ties are broken (0.5447-0.6347
MRR, depending on the order of equal scores).
Strength of the lexical baseline. Intact label words
make Chinese label strings easy to match exactly,
so Pure BM25 is stronger in Chinese (0.7579) than
in English and Japanese (0.6566, 0.5855); RRF
inherits this, while Lex-TM does not use BM25,
so with BGE-M3 fusion stays ahead in Chinese.
Dense encoder quality. BGE-M3’s dense MRR
is lowest in Chinese and Japanese; with Qwen3-
Embedding the same topic channel lifts Chinese
most. Document length. Chinese documents are
the shortest (7.8 content tokens against 8.4 and 9.2),
which leaves the least evidence for topic inference.
Taken together, the Chinese result with BGE-M3
appears to reflect the base encoder and an unusually
strong lexical baseline more than document length,
since with Qwen3-Embedding routing gains most
in Chinese; the Japanese result is limited by tok-
enization.
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Topic

LDA routing (7 = 1.1, symmetric prior)

Lex-TM (7 = 0.8)

EN, diarrhea
hurt, since, might

EN, no symptom

JA, diarrhea

(hurts)
ZH, hay fever

K (spring)

diarrhea, patient, symptom, stomach, morning,
health, status, routine, flu, shot, bird, season, get

TJfj (diarrhea), iR (symptom), i PR
(clinical), 5/ (stomach), ST (lately), T\

TERBIE (hay fever), SiEIR (symptom), S35
(runny nose), e (specific), &R (clinical),

diarrhea, patient, symptom, stomach, hurt, work,
lately, morning

status, health, routine, flu, get, shot, season,
going

TJfj (diarrhea), 5K (clinical), JElk
(symptom), i€ (stomach), <1\ (awful),
Ji\ )y (hurts)

TERYIE (hay fever), fIEIR (symptom), 455 &
(specific), BK (spring), T (seems), BH4E

(next year)

Table 4: Top words of matching topics without and with the HHI prior (K = 20, seed 42); for each topic of LDA
routing, the Lex-TM topic shown is the one that shares most of its ten top words. Topics follow MedWeb’s label
sets, and several top words come from the label strings themselves (patient, symptom; routine, health, status; |i,

PRATER: i PRAEAR).

7 Conclusion

Lex-TM adds a topic channel to a frozen dense
retriever without any neural training. On Med-
Web’s label-set retrieval task it improves English
MRR over BM25+dense fusion significantly, and
the differences in Japanese and Chinese are not sig-
nificant; with Qwen3-Embedding, routing still im-
proves over dense retrieval, significantly in English
and Chinese. Three findings bound these gains.
Two retrievers that keep term-level evidence, BGE-
M3’s multi-vector mode and SPLADE++, match or
exceed Lex-TM. In English and Chinese the topics
recover MedWeb’s label structure from the label
strings in the documents, and without them the gain
over dense retrieval disappears. And routing did
not transfer: it matched or trailed dense retrieval
on every other collection. The HHI prior, which
on short texts reduces to a rarity weight, brings no
benefit. Future work includes relevance judgments
beyond label sets, free-text queries against unla-
beled records, phrase-aware priors, choosing 7y per
query from the query’s own statistics, and topic
routing on top of late interaction.

Limitations

Label-set relevance. MedWeb queries are la-
bel strings, every relevant document contains its
query, and relevance is defined by identical la-
bel sets rather than by clinical judgment. Our
MedWeb results measure discrimination between
overlapping label sets; performance with free-text
queries against unlabeled records is untested. La-
bel strings. In English and Chinese the gain over
dense retrieval disappears when the label strings are
removed from the documents. Stronger retriev-
ers. BGE-M3’s multi-vector mode and SPLADE++

match or exceed Lex-TM on MedWeb; Lex-TM’s
advantage over them is index size, not accuracy.
Small query sets. Each MedWeb partition yields
39 queries, so confidence intervals are wide, and
with the label strings in the documents the improve-
ment over fusion is significant only in English. The
prior. On MedWeb the HHI prior reduces to a rar-
ity weight and has no measurable effect; we have
not shown a benefit from it on any collection. Oper-
ating envelope. Routing needs short, single-topic
documents from a specialized domain with heavy
lexical overlap; outside that regime it matched or
trailed dense retrieval in our experiments. Bag of
words. Topic routing cannot represent multi-word
anchors such as maculopapular rash; abbreviations
mitigate this only partly, and phrase-aware priors
are future work. Tokenization. Results depend on
the segmenter and on the length filter: in Japanese it
removes the symptom name #U (fever) and most of
the cough label, and Thai lacks a segmenter of com-
parable maturity. Tuning and seeds. v = 0.7 was
fixed after sweeps on all MedWeb label sets and is
used on every collection; 7 was chosen on seven
validation label sets, which the reported MedWeb
results include. The main results use one Gibbs
seed; Section 6.1 repeats MedWeb with five. En-
coders. We test BGE-M3 and Qwen3-Embedding-
0.6B; larger embedders and domain-adapted dense
retrievers are untested. Static vocabulary. The
prior and topics are computed on a fixed collec-
tion and must be refitted as documents are added.
Earlier pipeline. The TREC-COVID, NFCorpus,
MIRACL and Mr. TyDi results come from an ear-
lier version of the pipeline (Appendix G).
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Ethical Considerations

MedWeb consists of pseudo-tweets written for the
shared task and contains no personal health infor-
mation; the other collections are public research
benchmarks used under their terms. Retrieval er-
rors in medical applications can mislead clinicians
and patients. Lex-TM is a retrieval component for
research: we have not evaluated it with clinical
users or linked it to patient outcomes, and any med-
ical use of retrieval-augmented generation requires
review by qualified professionals.
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A Implementation Details

Code, preprocessing scripts, seeds, per-query out-
puts and a changelog of every issue we found
and fixed are available at https://github.com/
mnsh@409/Lex-TM. Table 5 lists the settings. Topic
inference uses the one-step fold-in of Eq. (4) for
documents and queries alike; Gibbs sampling runs
for at most 500 sweeps; from sweep 50 on, it would
stop early if the log-likelihood changed by less than
10~ between checks 50 sweeps apart, which never
happened on MedWeb, so every MedWeb model
uses 500 sweeps. Documents longer than the chunk
size are split into overlapping chunks and scored
per chunk; every MedWeb document is a single
chunk. Algorithm 1 summarizes the pipeline.

Setting Value

Topics K 20 (MedWeb), 50 (others)

Q, Brases A 0.1,0.01, 2.0

T 0.8

; adaptation 0.7; entropy, max. 0.2

Gate § 5 (open-domain sets only)
Gibbs sweeps; seed 500 (max.); 42 (4346 in §6.1)
Vocabulary min. document frequency 2
Chunk size 512 tokens

Dense encoders BGE-M3; Qwen3-Emb.-0.6B
RRF & 60

Bootstrap resamples 10,000 (ClIs); 10,000 (paired)

Table 5: Hyperparameters of the current pipeline. The
earlier-pipeline runs differ as described in Appendix G.

Algorithm 1 Lex-TM routing

Require: collection D, query g, weight -y, gate §

1: compute E, and E (Egs. 1-2); fit LDA by Gibbs sam-
pling

2: 04 < fold-in (Eq. 4); e4 < encoder, for all d

3: 64 < fold-in; e, < encoder

4: ~4 < 1if g has < § in-vocabulary terms, else entropy-
adapted ~y

5: rank D by s(q, d) (Eq. 5)

B Choosing 7

The review version split MedWeb’s 39 label sets
into 32 test and 7 validation sets. Summed over the
three partitions, validation MRR favored 7 = 0.8
(2.396 against 2.347 for 7 = 0.5; Table 6), al-
though 7 = 0.5 scored higher on the Japanese and
Chinese validation sets. That version’s headline
English result (0.8312 against RRF 0.7276 on the
32 test sets) used 7 = 0.5; with 7 = 0.8 its En-
glish test-set MRR was 0.8024. This version uses
7 = 0.8 for every partition and reports all 39 label
sets. With seven validation sets the choice is noisy,

and here it is immaterial: on all 39 label sets, T
changes MRR by at most 0.0014 in English and
Chinese and 0.0124 in Japanese (Table 3).

Partition 7=05 7=0.8
English 0.7440 0.8681
Japanese 0.7347 0.7262
Chinese 0.8681 0.8016
Sum 2.347 2.396

Table 6: Validation MRR on seven label sets.

C Paired Tests and Learned-Sparse
Baselines

Table 7 reports Lex-TM’s mean per-query differ-
ence from each system on MedWeb with a paired
bootstrap interval and the p-value of a paired ran-
domization test.

D Query-Type Breakdown

Table 8 splits the English label sets by the number
of relevant tweets and by the number of labels in
the set.

E Label-Free Control

Table 9 repeats the MedWeb evaluation with the
label strings removed from the indexed documents;
queries and relevance are unchanged. Topic models
are refitted on the label-free text. One English
tweet (“Flu crisis.”) is too short to survive chunking
without its label string, so the English label-free
index has 2,559 documents.

F Full Results on the New Collections

Table 10 lists every system on the three collections
run for this version. The multi-vector and com-
bined BGE-M3 modes re-score the union of the
top 100 dense and top 100 sparse candidates, and
were not run on CmedqaRetrieval; SPLADE++ is
English-only.

G Earlier-Pipeline Results

The TREC-COVID and NFCorpus results in Ta-
ble 2 come from the submitted version: 150-token
chunks, K = 50, 300 Gibbs sweeps, a spar-
sity gate with § = 3, the top 100 chunks max-
pooled per document and scored with the official
BEIR nDCG@10. Their BM25 baselines tokenized
queries (and, for NFCorpus, documents) by whites-
pace only, so the BM25 column is a weak baseline,
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English Japanese Chinese
Lex-TM vs. A [95% CI] P A [95% CI] P A [95% CI] P
Encoder: BGE-M3
RRF +0.107 [+0.041,+0.181]  0.001  +0.018 [—0.063, +0.104] 0.671 —0.030[—0.095,+0.031] 0.438
Pure BM25 +0.159 [+0.055,+0.270]  0.007  +0.121[—0.005, +0.247] 0.070 —0.016[—0.117,+0.083] 0.759
Pure Dense +0.155 [+0.076,+0.248] <0.001  +0.074 [+0.029, +0.128] 0.002  +0.115 [+0.053,+0.189] <0.001
LDA routing +0.000[—0.038,+0.039]  0.966  +0.000 [+0.000, +0.000] ~ 1.000 +0.001 [—0.002, +0.003]  0.751
BGE-M3 sparse +0.246[+0.138,+0.359]  <0.001 +0.013 [—0.083,+0.108] 0.805 +0.148 [+0.045,+0.251]  0.007
BGE-M3 multi-vector —0.024[—0.089,+0.034] 0.529 —0.097 [—0.171, —0.035] 0.004 —0.037 [—0.081, —0.001] 0.112
BGE-M3 all modes +0.068 [+0.014,+0.137]  0.037 —0.037[—0.080, —0.004] 0.077 +0.026[—0.005,+0.067]  0.240
SPLADE++ —0.048 [—0.170, +0.069]  0.460 - - - -
Encoder: Qwen3-Embedding-0.6B
Pure Dense +0.108 [+0.045,+0.178]  0.002  +0.023 [—0.021,+0.069] 0.346  +0.139 [+0.064, +0.229] <0.001
RRF +0.057 (+0.012,+0.118]  0.034  +0.057 [—0.014,+0.143] 0.178 +0.028 [—0.051,+0.108]  0.503

Table 7: Paired comparisons on MedWeb (MRR @20): Lex-TM’s mean per-query difference from each system, with
a paired bootstrap 95% interval (10,000 resamples) and the p-value of a two-sided paired randomization test (10,000
sign flips). The BGE-M3 sparse, multi-vector and SPLADE++ baselines are compared with Lex-TM on BGE-M3.

English label sets n Dense RRF Lex-TM
>100 relevant 9 1.000 1.000 1.000
10-99 relevant 9 0.889 0.861 1.000
<10 relevant 21 0416 0.517  0.657
0-1 labels 8 0.875 0.875 0.875
2 labels 13 0.716 0.737 0.897
3-5 labels 18 0.523 0.613 0.729

Table 8: MRR @20 by query type (English, BGE-M3).
The single no-symptom set is counted with the one-label
sets.

and we draw no conclusion from it. The MIR-
ACL and Mr. TyDi results use the sparsity gate
(6 = 5) and pair-level MRR, and their RRF column
was computed by an earlier baseline script with
k = 600. All earlier-pipeline runs use 7 = 0.5 and
no entropy adaptation. These runs predate several
fixes documented in the repository’s changelog; we
did not rerun them, and they serve only to show
where routing does not help.

H News and Review Collections

Table 11 lists four title-query collections from the
earlier pipeline, in which each document’s title is a
query and the documents that share it are relevant.
On THUCNews all systems approach ceiling per-
formance and routing lowers MRR slightly (0.9801
against 0.9963 for dense retrieval); on Sogou it low-
ers MRR by 0.050 relative to dense retrieval and
by 0.098 relative to BM25. On airline passenger
reviews in English (187,176 reviews) and Chinese
(2,663), routing lowers MRR well below dense re-
trieval, with or without the HHI prior (7 = 1.1:
0.0896 and 0.4007). These collections lie outside
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Label-free MedWeb EN JA ZH
Pure BM25 0.1398 0.1906 0.2435
BGE-M3 learned sparse  0.1564 0.4684 0.4264
BGE-M3 multi-vector 0.3445 0.5214 0.4463
BGE-M3 all modes 0.3673 0.4811 0.4604
SPLADE++ 0.3818 - -
Encoder: BGE-M3
Pure Dense 0.3723 0.4089 0.4416
RRF 0.2017 0.3181 0.3500
LDA routing 0.3689 0.5182 0.4817
Lex-TM 0.3808 0.5166 0.4439
A vs. Pure Dense +0.008 +0.108 +0.002
p 0.871 0.060  0.967
Encoder: Qwen3-Embedding-0.6B
Pure Dense 0.4269 0.4809 0.4245
Lex-TM 0.4490 0.5390 0.4421
A vs. Pure Dense +0.022 +0.058 +0.018
p 0.662 0.242 0.716

Table 9: MRR @20 without label strings in the docu-
ments. A is Lex-TM’s mean per-query difference from
dense retrieval with the same encoder; p is from the
paired randomization test.

the operating envelope of Section 6.3; BM25 and
RRF were not run on the review collections.



nDCG@10 ChatDoctor Cmedqa FiQA

Pure BM25 0.3325 0.1568 0.2122
BGE-M3 dense 0.5806 0.3372  0.4025
RRF (k=60) 0.4967 0.2595 0.3374
LDA routing 0.5008 0.3354 0.2880
Lex-TM 0.4933 0.3343 0.2887
BGE-M3 learned sparse 0.4463 0.2440 0.2621
BGE-M3 multi-vector 0.5278 - 0.4094
BGE-M3 all modes 0.5856 - 0.4249
SPLADE++ 0.4764 - 0.3445
Queries 5,583 3,999 648

Documents 5,545 100,001 57,600

Table 10: nDCG@10 on the collections run for this
version (K = 50,7 = 0.8,y = 0.7).

Dataset BM25 Dense RRF' Lex-TM

THUCNews (zh) 0.9974 0.9963 0.9985 0.9801
Sogou (zh) 0.9490 0.9004 0.9267 0.8506
Airline reviews (en) - 0.1917 - 0.0893
Airline reviews (zh) - 0.5902 - 0.3904

Table 11: MRR on news (Sun et al., 2016; Wang et al.,
2008) and review collections (earlier pipeline, BGE-M3,
7 = 0.5; TRRF with k& = 600).
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