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Abstract
[Purpose/Significance] The query likelihood model suffers from the zero-
probability problem. Integrating multi-source information to extend the model
can not only resolve the zero-probability problem but also enable differentiated
processing of global information and reduce noise. [Method/Process] Through
LDA topic mining and historical microblog interest mining, topic-related infor-
mation and interest-related information of initial microblogs are respectively
obtained, and both are fused with global information to improve the language
model estimation of initial microblogs, thereby deriving an extended microblog
query likelihood model. A web crawler tool is employed to crawl data from
Sina Weibo, and the effectiveness of the extended model is verified through
empirical research. [Results/Conclusion] Experimental results demonstrate
that, compared with existing query likelihood model extension methods, the
new model exhibits superior retrieval performance.

Full Text
Preamble
The query likelihood model suffers from the zero-probability problem. Fusing
multi-source information to extend this model not only resolves zero-probability
issues but also enables differential processing of global information, thereby re-
ducing noise. This study obtains initial microblog topic-related information and
interest-related information through LDA topic mining and historical microblog
interest mining, respectively. These two information sources are then integrated
with global information to improve the estimation of the initial microblog’s lan-
guage model, yielding an extended microblog query likelihood model. Using web
crawler tools to collect data from Sina Weibo, we verify the effectiveness of the
extended model through empirical research. Experimental results demonstrate
that the proposed model achieves superior retrieval performance compared to
existing query likelihood model extensions.
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With the further development of mobile internet, microblogging has become
an important platform for people to produce, share, and consume information.
To address information overload caused by massive microblogs, microblog re-
trieval has emerged as a crucial pathway for users to obtain effective informa-
tion. Microblog retrieval differs from traditional text retrieval in several key
aspects: its retrieval objects are characterized by fragmentation, internet slang,
and heavy use of symbols; and its ranking principles must consider not only
query-microblog similarity but also other information such as user interests and
temporal factors. Consequently, directly applying traditional text retrieval mod-
els to microblog retrieval is inappropriate.

The query likelihood model represents the current mainstream approach for
microblog retrieval. Its similarity calculation comprises document prior proba-
bility and document language model estimation (i.e., the probability distribu-
tion of terms in the document language model). The accuracy of document
language model estimation directly affects retrieval performance. To address
zero-probability problems that may arise due to data sparsity, scholars have
conducted extensive research on extending the query likelihood model, primar-
ily focusing on document language model estimation.

In traditional text retrieval, research on document language model estimation
has evolved through two stages. First-stage methods estimate language mod-
els by introducing global information, such as the Jelinek-Mercer (JM) method
and Dirichlet Prior (DIR) method. While these approaches effectively solve
zero-probability problems in traditional language model estimation, they fail
to differentially process global information, introducing substantial noise that
compromises retrieval accuracy. Second-stage methods improve language model
estimation by fusing global information with other relevant information. For
example, X. Liu et al. utilized clustering information to revise global informa-
tion, proposing a language model estimation method that integrates clustering
and global information to extend the traditional query likelihood model. T.
Tao et al. incorporated content neighbor information with global information
to develop an improved query likelihood model. Empirical studies show that
second-stage methods enable more accurate language model estimation than
first-stage approaches that directly introduce global information, thereby effec-
tively extending the query likelihood model.

The aforementioned research primarily targets traditional text retrieval. Con-
sidering the differences between microblogs and traditional texts, researchers
have extended microblog query likelihood models by incorporating microblog-
specific characteristics. The basic approach involves first identifying microblog-
relevant information based on microblog features, then fusing this information
with global information to improve the microblog query likelihood model. For
instance, M. Efron et al. treated short microblogs as queries and combined
them with relevance feedback methods to obtain relevant microblog informa-
tion, which was then fused with global information to estimate the microblog
language model, resulting in an improved microblog query likelihood model.
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Li Rui et al. considered the timeliness and interactivity of microblogs, obtain-
ing relevant microblogs based on users’ historical microblogs and interaction
information, then fused these with global microblogs to develop an improved
microblog language model estimation method. M. Efron et al. used hashtags
to obtain relevant microblogs and proposed a microblog query likelihood model
fusing hashtag and global information. Hashtags are special tags in microblogs;
microblogs with the same hashtag belong to the same topic, making hashtag
information effective for obtaining relevant microblogs for the current microblog.

In summary, microblog language model estimation is the key component of
microblog query likelihood models, and its accuracy directly impacts retrieval
performance. Obtaining effective relevant microblog information is crucial for
accurate estimation. Building upon existing research, this paper comprehen-
sively considers four aspects: microblog self-information, global information,
topic information, and author interest information. We propose a multi-source
information fusion microblog query likelihood model that obtains relevant mi-
croblogs from multiple dimensions. In information retrieval, topic mining is an
important means of acquiring text semantic information. Since its proposal in
2003, the LDA (Latent Dirichlet Allocation) topic model has been widely ap-
plied to topic mining. This paper employs the LDA model for topic mining to
obtain microblog topic-related information. Additionally, user interest mining
is a key technology for personalized retrieval. Effective interest mining can im-
prove retrieval performance. Therefore, this paper also mines author interests
based on historical microblogs to obtain interest-related information.

Research Design
Acquiring multi-source information is critical to the proposed extended model.
Self-information refers to the microblog itself, and global information refers to
all currently available information—both are easily obtainable. For topic-related
information, this paper adopts an empirical research approach, conducting topic
mining based on the LDA model. For interest-related information, we first mine
author interests from historical microblogs, then calculate interest similarity to
obtain the interest-related microblog set. The research framework is shown in
Figure 1 [Figure 1: see original paper], with main contributions including:

1. Acquisition of topic-related information for microblog d_i: Based
on LDA topic modeling, microblog texts are represented as probability dis-
tribution vectors across m topics. Microblog relevance is calculated based
on topic distribution differences to obtain the topic-related microblog set
T for microblog d_i.

2. Acquisition of interest-related information for microblog d_i:
Author interests are mined from the historical microblogs of microblog
d_i’s author. To reflect the dynamic nature of interests, a dynamic weight
calculation method for interest terms is proposed. Similarity between each
microblog and author interests is calculated to obtain the author’s interest
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microblog set I.

3. Multi-source information fusion: Sets T, I, and the complete
microblog collection are fused to smooth the initial microblog d_i, re-
estimating term probability distribution to obtain the extended microblog
query likelihood model.

Traditional Query Likelihood Model
In information retrieval, language models represent texts as probability distri-
butions of words. The query likelihood model proposed by J.M. Ponte and
W.B. Croft is a classic application of language models to information retrieval,
calculated as:

𝑃(𝑑𝑖|𝑞) = log 𝑃(𝑑𝑖) + ∑ 𝑐(𝑘, 𝑞) log 𝑃(𝑘|𝑀𝑑𝑖
) (1)

where q represents the query, d_i represents the document, k represents a term,
V represents the set of all terms, and M_{d_i} represents the document lan-
guage model. P(d_i|q) denotes the probability of retrieving document d_i given
query q. P(d_i) represents the prior probability of document d_i, typically
measured using equal probability (assuming uniform prior probabilities for all
documents to be retrieved). c(k,q) represents the frequency of term k in query
q. p(k|M_{d_i}) is the probability distribution of term k in document language
model M_{d_i}, i.e., the document language model estimation, calculated as:

𝑃(𝑘|𝑀𝑑𝑖
) = 𝑃𝑚𝑙(𝑘|𝑀𝑑𝑖

) = 𝑐(𝑘, 𝑑𝑖)
|𝑑𝑖|

(2)

In formula (2), P_{ml}(k|M_{d_i}) represents the maximum likelihood esti-
mation. c(k,d_i) denotes the frequency of term k in document d_i, and |d_i|
represents the number of terms in document d_i. For term k in the complete
vocabulary, if document d_i does not include this term, the zero-probability
problem occurs, making log P(・) calculation meaningless. This problem be-
comes more severe with shorter documents. In reality, although term k may
not appear in document d_i, if its related terms appear in d_i, this probability
value should not be zero. Therefore, the key to solving the zero-probability prob-
lem is finding relevant information to effectively smooth the initial document
d_i and proposing improved probability estimation methods for p(k|M_{d_i}),
which is also the focus of this paper.

Multi-source Information Fusion Microblog Query Likeli-
hood Model
To overcome the limitations of traditional query likelihood models, accurately
estimate term probability distributions in documents, and improve the compre-
hensive performance of microblog retrieval based on query likelihood models,
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this paper extends existing research by using topic-related information (semantic
relevance) and interest-related information (personalized information) to differ-
entially process global information, smoothing initial microblogs and proposing
an extended microblog query likelihood model.

4.1 Acquisition of Topic-Based Related Microblog Set

The LDA model is the current mainstream method for text topic mining. After
training with the LDA model, texts can be mapped from term space to topic
space, achieving semantic representation. This paper employs the LDA topic
model for microblog text modeling: first using Python’s Gensim toolkit to train
m topics, then representing each microblog as a probability distribution across
m topics to obtain the microblog-topic probability distribution matrix shown in
Table 1 .

After this training, microblog d_i can be represented as a topic vector composed
of probability distributions across different topics:

𝑑𝑖 = (𝑃𝑖1, 𝑃𝑖2, … , 𝑃𝑖𝑚) (3)

Based on this representation, we use JS distance to calculate the topic relevance
between any two microblogs d_i and d_j:

𝐽𝑆(𝑑𝑖, 𝑑𝑗) = 𝐾𝐿 (𝑑𝑖,
𝑑𝑖 + 𝑑𝑗

2 ) + 𝐾𝐿 (𝑑𝑗,
𝑑𝑖 + 𝑑𝑗

2 ) (4)

In formula (4), KL(・) measures asymmetric distance between two quantities,
calculated as shown in formula (5), where (d_i + d_j)/2 represents the mean
distribution of microblogs d_i and d_j across m topics. Larger JS distance
indicates greater distribution differences and lower relevance. Based on this
value, we sort JS distances in ascending order and select the Top-N_1 microblogs
(N_1 determined through experiments) to form the topic-related microblog set
for the current microblog.

𝐾𝐿(𝑑𝑖, 𝑑𝑗) = ∑ 𝑃𝑖𝑟 log 𝑃𝑖𝑟
𝑃𝑗𝑟

(5)

In formula (5), P_{ir} represents the probability distribution of microblog d_i
on topic Topic_r, and P_{jr} represents the probability distribution of mi-
croblog d_j on topic Topic_r.

4.2 Acquisition of Author Interest-Based Related Microblog Set

Historical microblogs can effectively reflect user interests. This paper mines
author interests based on historical microblogs, calculates similarity between
each microblog and author interests, and finally obtains the author’s interest
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microblogs through threshold judgment. All interest microblogs constitute the
author interest-based related microblog set I. Assuming user u_i is the author
of microblog d_i, with historical microblog set D and any term k_j in the
historical microblog set, the initial weight calculation formula for k_j is:

𝑤𝑘𝑗−𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 = |{𝑟 ∶ 𝑘𝑗 ∈ 𝑑𝑟}|
|𝐷| × 𝑛𝑗𝑖

|𝑑𝑖|
(6)

In formula (6), w_{kj-original} represents the initial weight of term k_j, n_{ji}
represents the frequency of term k_j in microblog d_i, |d_i| represents the
number of terms in microblog d_i, |D| represents the number of microblogs
in the historical microblog set, and |{r: k_j �d_r}| represents the number of
microblogs containing term k_j in the historical microblog set.

Considering that microblog users’ interests gradually decay over time, this paper
updates term weights based on the publication time of the microblogs contain-
ing the terms. Following the idea of exponential decay, the updated weight
calculation formula is:

𝑤𝑘𝑗−𝑛𝑒𝑤 = 𝑤𝑘𝑗−𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 × 𝑒−𝜇Δ𝑡 (7)

where w_{kj-new} represents the updated weight, Δt represents the time dis-
tance between microblog publication time and the latest time in the historical
microblog set, and � is the exponential decay parameter, which is set to 0.02
based on J. Choi’s experimental results.

Since term k_j may have different weights in different microblogs, this paper
uses the average weight of k_j across the entire historical microblog set as the
term’s weight in the historical microblog set:

𝑤𝑘𝑗−𝐷 =
∑|𝐷| 𝑤𝑘𝑗−𝑛𝑒𝑤

|𝐷| (8)

Through the above calculations, we can obtain the weight of each term in the
author’s historical microblog set. This paper selects Top-N_2 terms based on
term weights to represent author interests (N_2 determined in the experimental
section). For example, author u_i’s interests can be represented as:

𝑢𝑖 − 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = {𝑘1, 𝑘2, … , 𝑘𝑁2
} (9)

After obtaining the user interest representation, formula (10) calculates the
similarity between any microblog d_r in the microblog collection and author
interest u_i-interest:
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𝑠𝑖𝑚(𝑑𝑟, 𝑢𝑖 − 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡) =
∑𝑁2

𝑗=1 𝑤𝑘𝑗−𝐷 × |𝑑𝑟 − 𝑘𝑗|
|𝑑𝑟| (10)

where sim(d_r, u_i-interest) represents the similarity between microblog d_r
and author interest u_i-interest, N_2 represents the number of author interest
representation terms, w_{kj-D} represents the weight of author interest term
k_j calculated according to formula (8), |d_r-k_j| represents the frequency of
author interest term k_j in microblog d_r, and |d_r| represents the number
of terms in microblog d_r. Microblogs with similarity greater than threshold
𝛿 are selected as the author’s interest microblogs to form author u_i’s interest
microblog set I.

4.3 Extended Microblog Query Likelihood Model

After the above processing, we obtain the topic-related microblog set T for
microblog d_i and the interest microblog set I of d_i’s author. By fusing term
k’s distribution in the original microblog d_i (M_{d_i}), in the topic-related
microblog set T (M_T), in the interest-related microblog set I (M_I), and in
global information (M_C), we derive the extended microblog query likelihood
model shown in formulas (11) and (12):

𝑃(𝑑𝑖|𝑞) = log 𝑃(𝑑𝑖) + ∑ 𝑐(𝑘, 𝑞) log 𝑃(𝑘|𝑀𝑑𝑖
)𝑖𝑚𝑝𝑟𝑜𝑣𝑒 (11)

𝑃(𝑘|𝑀𝑑𝑖
)𝑖𝑚𝑝𝑟𝑜𝑣𝑒 = 𝛽1𝑃𝑚𝑙(𝑘|𝑀𝑑𝑖

)+𝛽2𝑃𝑚𝑙(𝑘|𝑀𝑇 )+𝛽3(𝑃𝑚𝑙(𝑘|𝑇 𝐼)+𝛽4𝑃𝑚𝑙(𝑘|𝑀𝐶)
(12)

Examining formula (11) reveals that the proposed extended model primarily
improves document language model estimation P(k|M_{d_i}), avoiding the
shortcomings of traditional query likelihood models. P(k|M_{d_i}){improve}
represents the improved microblog language model estimation. M_T denotes the
language model constructed from the topic-related microblog set T for microblog
d_i. M_I denotes the language model constructed from the interest microblog
set I of d_i’s author. P{ml}(k|M_{d_i}) represents the maximum likelihood
estimate of language model M_{d_i}. P_{ml}(k|M_T) represents the maxi-
mum likelihood estimate of language model M_T. P_{ml}(k+M_I) represents
the maximum likelihood estimate of language model M_I. P_{ml}(k|M_C)
represents the maximum likelihood estimate of language model M_C. All these
estimates are calculated using formula (2). 𝛽i (i = 1, 2, 3, 4) are smooth-
ing parameters with Σ{i=1}^4 𝛽i = 1. The inclusion of global information
(P{ml}(k|M_C)) avoids zero-probability problems because term k may not be-
long to a particular microblog d_i but certainly originates from the global
collection. The drawback of fusing global information is noise introduction.
To address this, the paper differentially processes global information based on
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topic-related information (P_{ml}(k|M_T)) and interest-related information
(P_{ml}(k|M_I)), increasing probabilities of relevant terms. During feature
selection, low-probability terms will be eliminated, effectively preventing noise
introduction.

This paper employs the Analytic Hierarchy Process to determine smoothing pa-
rameters 𝛽_i (i = 1, 2, 3, 4) in formula (12). First, based on the 1-9 importance
scale, pairwise comparisons of each component’s importance yield the judgment
matrix shown in Table 2 . Then, based on this matrix, the maximum eigenvalue
is calculated as 4.1389, with eigenvector (0.54, 0.25, 0.15, 0.06), consistency
index 0.0463, and consistency ratio 0.0514. Since the consistency ratio is less
than 0.1, the judgment matrix passes the consistency test. This paper sets 𝛽_i
values as 0.54, 0.25, 0.15, and 0.06 respectively.

Empirical Research
5.1 Experimental Data

Sina Weibo is currently the most authoritative microblog platform in China.
This paper uses web crawler tools to collect 661,845 Sina Weibo posts and
constructs a microblog retrieval system based on the query likelihood model.
The crawled data includes three types of information: microblog text content,
publication time, and author.

To avoid interference from invalid data, this paper follows TREC (Text Re-
trieval Conference) evaluation requirements combined with experimental needs
to process the crawled Sina Weibo data: (1) remove invalid microblogs or those
containing only emoticons; (2) remove microblogs shorter than 30 characters; (3)
convert all traditional Chinese characters to simplified Chinese; (4) use Python’s
jieba package for word segmentation of each microblog and remove stopwords
using the stopword list compiled by Harbin Institute of Technology.

After processing the crawled microblog corpus, this paper follows small-scale
test collection construction methods in information retrieval to select 17,010
microblogs as the document collection for the microblog retrieval system. Five
queries and their corresponding query sets were constructed, with relevance
judged using the Pooling method. The queries and their relevant/irrelevant
document counts are shown in Table 3 .

5.2 Evaluation Metrics

This paper employs Precision at k (P@k) and Mean Reciprocal Rank (MRR) to
evaluate microblog retrieval performance. P@k is the official evaluation metric
in TREC microblog retrieval tasks. MRR is a popular metric in recent years
that considers positional factors on top of precision, effectively measuring the
position information of relevant documents. The calculation formulas are:
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𝑃@𝑘 =
∑𝑘

𝑗=1 𝑟𝑗
𝑘 (13)

𝑀𝑅𝑅 = 1
|𝑅|

|𝑅|
∑
𝑖=1

1
𝑟𝑎𝑛𝑘𝑖

(14)

In formula (13), k represents the top k retrieval results. If the j-th document in
the retrieval results is relevant, then r_j = 1; otherwise, r_j = 0. This paper sets
k = 30 because the first two pages of microblog web search contain 30 results.
In formula (14), |R| is the total number of relevant documents, and rank_i
is the position of the i-th relevant document in the returned results. Higher
MRR values indicate that relevant documents appear earlier in the result list,
reflecting better retrieval performance. Model explanations are shown in Table
4 .

5.3 Experiments and Analysis

The experiments consist of two parts: parameter setting and retrieval perfor-
mance comparison using different query likelihood models for microblog re-
trieval. The abbreviations and explanations of microblog query likelihood mod-
els involved in the second part are shown in Table 4 .

5.3.1 Parameter Analysis The relevant parameters in this paper’s exper-
iments include: microblog topic count m, topic-related microblog count N_1,
author interest representation term count N_2, and author interest threshold
𝛿. These parameters are determined through repeated experiments.

Determination of microblog topic count m: This paper calculates the per-
plexity of microblog texts to determine the optimal number of topics. Lower
perplexity indicates stronger model text generation capability and better per-
formance. The calculation formula is:

𝑝𝑒𝑟𝑝𝑙𝑒𝑥𝑖𝑡𝑦 = exp (−
∑𝑀

𝑖=1 log 𝑃(𝑘𝑑𝑖
)

∑𝑀
𝑖=1 𝑁𝑑𝑖

) (15)

where M represents the number of microblogs in the complete collection D, d_i
is any microblog in D, N_{d_i} represents the number of terms in microblog
d_i, k_{d_i} represents terms in microblog d_i, and P(k_{d_i}) represents
the probability of term k_{d_i} appearing in microblog d_i, calculated using
formula (16):

𝑃(𝑘𝑑𝑖
) = ∑

𝑧
𝑃(𝑧) ⋅ 𝑃 (𝑘𝑑𝑖

|𝑧) (16)
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where z represents a topic involved in microblog d_i. Since microblog texts are
typical short texts with limited topic coverage, based on the scale of experimen-
tal data crawled in this paper, we calculate model perplexity for topic counts of
1, 2, 3, 4, 5, 6, 7, 8, 9, and 10. The results are shown in Figure 2 [Figure 2: see
original paper]. The figure shows that when topic count m = 4, the LDA model
achieves relatively low perplexity, so this paper sets the topic count to 4.

Determination of topic-related microblog count N_1: Using an appro-
priate amount of topic-related microblogs for smoothing can effectively improve
microblog language model estimation accuracy. Too few microblogs produce
insufficient smoothing effects, while too many may introduce noise. To obtain a
reasonable N_1, this paper first conducts empirical research with data intervals
of 10, 100, and 1000. The results show that when the interval is 10, topic infor-
mation cannot be fully utilized; when the interval is 1000, substantial noise is
introduced. Therefore, this paper sets the microblog quantity interval to 100.
Experiments based on the LM-JM-Topic method estimate the microblog lan-
guage model with N_1 taking values of 100, 200, 300, 400, 500, 600, 700, 800,
900, and 1000, calculating P@30 for 5 queries in the microblog retrieval system.
The results are shown in Table 5 .

Table 5 shows that when N_1 = 300, the average P@30 for 5 queries reaches a
relatively high value, indicating that selecting Top-300 topic-related microblogs
can effectively estimate the microblog language model. The value 300 represents
a roughly optimal setting; more precise values could be obtained by reducing
the interval and repeating the experiment. Notably, for Query 2, P@30 shows a
slight rebound when topic-related microblogs increase to 700, and for Query 3,
a rebound occurs at 900. Analysis reveals that although these microblogs have
lower topic relevance to the original microblog, they exhibit higher relevance in
author interaction and publication time distribution, leading to higher compre-
hensive relevance and causing these minor rebounds. However, these rebounds
do not exceed the maximum P@30 values, and from the average P@30 perspec-
tive, the minor rebounds do not affect the overall decreasing trend. Therefore,
this paper preliminarily sets N_1 to 300.

Determination of author interest representation term count N_2:
This paper uses formula (6) to calculate term weights in the author’s histor-
ical microblog set, sorts them, and selects Top-N_2 terms to represent author
interests. Too small N_2 cannot adequately represent author interests, while
too large N_2 reduces representation distinctiveness. To select an appropriate
number of terms for representing author interests, this paper uses the Average
User Satisfaction (AUS) metric to determine N_2. The specific process involves:
first randomly selecting 10 microblog authors from the dataset and using an ex-
pert panel to annotate interest terms for each author, selecting interest term sets
that can represent each author’s interests (size ≤ 40); then calculating AUS val-
ues for these 10 authors’ Top-N_2 terms and selecting the N_2 corresponding
to higher AUS values. The AUS calculation formula is:
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𝐴𝑈𝑆 = 1
𝑀

𝑀
∑
𝑚=1

𝑛𝑢𝑚
𝑁2

(17)

In formula (17), M represents the number of randomly selected authors (M =
10 in this paper), num represents the number of interest terms annotated by
experts for author u_m, and N_2 represents the number of terms selected from
the interest term list. This paper sets N_2 to values of 10, 20, 30, 40, 50, 60,
70, 80, 90, and 100, obtaining the relationship between different interest term
counts and AUS shown in Figure 3 [Figure 3: see original paper]. The figure
shows that when the author interest representation term count is 40, the AUS
value is relatively high, so this paper preliminarily sets N_2 = 40.

Determination of author interest threshold 𝛿: To obtain a reasonable
author interest threshold, experiments based on the LM-JM-Interest query like-
lihood model (which primarily considers interest-related information) calculate
P@30 for 5 queries in the microblog retrieval system with 𝛿 taking values of 0.1,
0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9. The results are shown in Table 6 .

Table 6 shows that when 𝛿 = 0.8, the average P@30 for 5 queries reaches a rela-
tively high value. Notably, for Query 2, P@30 shows a slight rebound when the
interest threshold decreases to 0.4, and for Query 5, a rebound occurs when the
threshold decreases to 0.2. These minor rebounds do not exceed the maximum
P@30 values, and from the average perspective, they do not affect the overall
decreasing trend. Therefore, this paper preliminarily sets 𝛿 to 0.8.

5.3.2 Performance Comparison of LM-JM-Topic, LM-JM-Interest,
and LM-JM-Topic-Interest This paper compares the performance of LM-
JM-Topic, LM-JM-Interest, and LM-JM-Topic-Interest query likelihood models
using P@30 and MRR metrics.

P@30 Comparison: Figure 4 [Figure 4: see original paper] shows the P@30
values when using LM-JM-Topic, LM-JM-Interest, and LM-JM-Topic-Interest
as representation models in the microblog retrieval system. The results demon-
strate that when using the LM-JM-Topic-Interest query likelihood model, all
five queries achieve higher P@30 values than the other two methods. This
indicates that the proposed LM-JM-Topic-Interest model provides more accu-
rate estimation values compared to LM-JM-Topic and LM-JM-Interest models,
thereby improving the precision of the microblog retrieval system.

MRR Comparison: Figure 5 [Figure 5: see original paper] shows the MRR
values for the three models across five queries in the test collection. The results
reveal that when using the LM-JM-Topic-Interest query likelihood model, all five
queries achieve higher MRR values than the other two methods. This suggests
that the proposed LM-JM-Topic-Interest model can rank relevant documents
higher than LM-JM-Topic and LM-JM-Interest models.
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In summary, when using the LM-JM-Topic-Interest query likelihood model for
microblog retrieval, all five queries achieve better P@30 and MRR performance
in the microblog retrieval system compared to the other two models. This oc-
curs because the LM-JM-Topic-Interest method considers both topic-related mi-
croblog information and author interest information, while the other two meth-
ods introduce relatively one-sided relevant information, leading to insufficient
accuracy in microblog language model estimation and affecting the comprehen-
sive performance of microblog retrieval systems.

5.3.3 Comparison of LM, LM-JM, and LM-JM-Topic-Interest This
experiment compares the proposed LM-JM-Topic-Interest query likelihood
model with traditional query likelihood model LM and global information-based
extended query likelihood model LM-JM.

P@30 Comparison: Figure 6 [Figure 6: see original paper] compares the
P@30 values obtained using the three models for five queries in the test collec-
tion. The results show that when using the LM-JM-Topic-Interest model for
microblog retrieval, all five queries achieve higher P@30 values than the other
two methods, indicating that the proposed LM-JM-Topic-Interest method yields
higher precision for the microblog retrieval system compared to LM and LM-JM
methods.

MRR Comparison: Figure 7 [Figure 7: see original paper] shows the MRR
values for the three models. The results demonstrate that when using the LM-
JM-Topic-Interest model for microblog retrieval, all five queries achieve higher
MRR values than the other two methods, indicating that the proposed LM-
JM-Topic-Interest method can rank relevant documents higher than LM and
LM-JM methods.

In conclusion, when using the LM-JM-Topic-Interest model for microblog re-
trieval, all five queries achieve better retrieval performance in the microblog
retrieval system compared to the other two models. Therefore, the LM-JM-
Topic-Interest model outperforms the other two models. This is because the
traditional query likelihood model only considers microblog self-information, suf-
fering from zero-probability problems due to data sparsity. Global information-
based smoothing methods solve the zero-probability problem but introduce ex-
cessive supplementary information and noise. The proposed microblog query
likelihood model uses topic-related information and author interest information
to differentially process global information, effectively increasing probabilities
of relevant terms and decreasing probabilities of noise terms, thereby improving
microblog language model estimation accuracy and microblog retrieval perfor-
mance.

Conclusion
Addressing limitations of existing query likelihood models, this paper compre-
hensively utilizes microblog self-information, topic information, author inter-
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est information, and global information to propose a multi-source information
fusion microblog query likelihood model. Compared with existing research,
this study improves microblog retrieval performance to some extent, but limita-
tions remain. Future research will focus on: (1) This paper works with offline
microblog data, whereas real microblog data is updated in real-time as data
streams. Future research will incorporate online learning ideas to improve the
microblog query likelihood model. (2) This paper primarily combines four as-
pects of information to improve the query likelihood model, but other informa-
tion (such as temporal information and author interaction information) could
also benefit microblog language model estimation. Future research will deeply
explore other effective information to further improve microblog language model
estimation accuracy and microblog retrieval performance.
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