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Entity ambiguity is hard on its own, temporal drift makes it harder.

Entity ambiguity Temporal drift

goal: age slower
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Napoleon Bonaparte.. French Napoleon (2023 film)..
Revolution.. Napoleonic m French Revolution.. French
Wars.. French Republic.. Republic.. French Empire..

Marie Antoinette.. Marie Antoinette..

1769,1799,1804,1814,1821 2020,2023,2024 gap between training and use



Diagnose the failure, add the missing signal, reuse it elsewhere.
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Diagnose the failure, add the missing signal, reuse it elsewhere.

N GETED GEETED

e Models trained on one e Bring in what text-only models e Time-aware signals per user,

snapshot lose accuracy year
after year

e The same decay curve shows

up on very different graphs

Even the choice of entity
linker changes the results

ignore: the graph around an
entity, and how it changes
year to year

The years an entity lived
through, and the words
hidden in its images

Gains land where models are
weakest: rare entities, sparse
graphs, look-alikes

for recommendation

An LLM picks among
candidates, so no retriever
needs training

How the training-data mix
shapes what an LLM learns



Problem: diagnose the failure

Accuracy

N 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
2010 [ 0.8311 0.8325 0.8295 0.8294 0.8273 0.8246
2011 0.8370 0.8374 0.8365 0.8365 0.8334 0.8339
2012  0.8799 0.8742 0.8594 0.8585 0.8583 0.8577 0.8542 0.8540
2013  0.8933 0.8925 737 0.8716 0.8706 0.8692 0.8673 0.8651
2014  0.8906 0.8941 0.8878 0.8896 |0IB98HN 0.8777 0.8775 0.8765 0.8759 0.8750 0.8733
2015  0.8914 0.8913 0.8901 0.8890 0.8890 0.8797 0.8798 0.8788 0.8793
2016  0.8849 0.8882 0.8876 0.8900 0.8912 0.8929
2017  0.8885 0.8869 0.8899 0.8917 0.8941 0.8944 0.8945
2018 0.8989 0.8981 0.8997 0.9016 0.9022 0.9030 0.9051 0.9076
2019 0.8861 0.8877 0.8868 0.8895 0.8893 0.8917 0.8934 0.8952
2020  0.8888 0.8907 0.8955 0.8960 0.8975 0.8992 0.9018 0.9045

Best in the training year,
worse every year after

6M software mentions, one model per year, tested on every year
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DBpedia Spotlight confidence

Two linkers agree on
only ~40% of entities

21M tweets, two entity linkers




Solution: add the missing signal

Original MMKG Ambiguous yet Relevant Images Textual Descriptions of the
Dataset (e.g.., logos, abstr: i i Image
ot source: WikidotaSi data soires: Wikidtoia
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Amazon.com, nc s an American e Amazon com, Inc. It i considered one of the
multinational e-commerce compary. 3022, negative sample include: "+ Big Five American technalogy companies
Ammazon,com started as an online bookstore, (Amazom, cbaok remier) Engaged in e-commerce, cloud computing, . . An abstract cityscape of
but soon diversified, ing DVDs, e-book (Amazom, bookstare) online advertising. digital streaming, and Three red Saint Andrew's Amsterdam's canals
e, s ieligence Textual Dascription: crosses arranged e
Amsterdam is the capital and vertically, the emblem of with bold blue, red, an
most populated city of the Amstardam, yellow blocks, stylized
Netherlands... lampposts, and a bridge.
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the graph and its change the words hidden in images

=21 7.5-> 325

over the 2023 state of the art Hits@1 on a logo-only subset,
at a 3-year gap, widening with time downstream model unchanged
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Extension: reuse it elsewhere

Input Stage 1- Retriever Data Ratio ST
Mention: | Context: Candidates: Top1 .
candidates P, inking |\ @
#anazont is one | "6891537"-Anazon (conpany) is Thinking e
:f(;mh:yl‘::gest an American multinational. > Top8 data
Amazon . "1701"-The Amazon River in -
Eimage latforms in the candidates
Vorld, founded | | SOuth Anerica is- svzs Non Thinking
Gift Pockaging. Visual Appeal + "48139"-The Amazon rainforest == 1 13 12 11 21 31 41 Mode
by Jeff Bezos. PR Top 16 )
also called.. @ 4
< Audio VerhSeED candidates
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s . J Thinking Mode Fusion @ Qwen
= - Stage 2 - Selector Output —
Rational, Health & Taste Emotional, Gifting & Vibe
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1
\ different temporol profiles - | @ p— @ p— Training Schedule Length
. different modalicy proportions [ You are a helpful AT assistant specializing ) J T
\ in Entity Disambiguation. You will be given ) " - -~
" a mention and some context. Your task is to Zero-shotopen-source) —p Non LU UG Length 3
#UserApurchases  ® ® . . e o @ . select the correct entity from the given > ﬂ Quensazn oS ——— thinking
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you think is the correct ansver. If no Low-resource instuning ST
Routine periods ' candidate clearly matches the mention, S -
Valentine's Day Feturn: None of the candidates Ldpswaeriorzs {7 awrsee | "" N T N T Data Ratio

time signal, per user let an LLM pick what data to feed an LLM

5-10% 86.3 vs 82.3 r=-0.58

over the strongest baseline micro-F1 on ZELDA, more short-answer data,
in recommendation, ten seeds no retriever training weaker long reasoning

TimeRoute Select, Don't Train - with F. Polat Fusion Training - with C. Cao



What I've learned

Change is signal, not noise.
The diff between two versions of a graph is free supervision. So is when a user is active. Most systems file that under bookkeeping.

For a real system: If your catalogue changes or your logs have timestamps, the training signal is already there.

Time is a modality, not a feature.
When text and image cannot separate two entities, the years often can.

For a real system: In matching and deduplication, the timestamp belongs next to the text and the picture, not in a column at the end.

Rare entities, sparse graphs, unreadable logos, users with unusual behaviour. The same pattern in every project.
For a real system: The errors that matter live in the long tail. Evaluate on that subset; the average will say nothing happened.

e The added signal helps most where the old signal was weakest.

And a small one: more than once the cheapest win was changing the data, not the model.



What's next, and where it applies

Open questions Where it lands

® When does another signal stop paying for itself? ® Search and recommendation.
Every method here adds a component. The cost-benefit Models drift between retrains; per-user timing changes what to
boundary is unmapped. trust.

® Continuous change, not yearly snapshots. @ Catalogue and entity matching.
Added and removed edges are treated alike today; that is Look-alikes, the long tail, author disambiguation, deduplication.

probably wrong.

® Beyond Wikidata. ® Knowledge bases behind RAG.
What breaks on a product catalogue or a domain knowledge They go stale the way my entity linkers did, and could be
graph? updated selectively instead of rebuilt.



BACKUP

Graph-TempCZ

LREC 2026 - Congfeng Cao (lead), Pengyu Zhang, Jelke Bloem

Accuracy 9 3 %

NZNO 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

accuracy for GraphSAGE, about 6 points above the best

2010 0.8311 0.8325 0.8295 0.8294 0.8273 0.8246 feature-based baseline
2011 0.8687 0.8370 0.8374 0.8365 0.8365 0.8334 0.8339
2012 0.8799 0.8742 0 0.8594 0.8585 0.8583 0.8577 0.8542 0.8540

2013 0.8933 0.8925 0.8712 0.8737 0.8716 0.8706 0.8692 0.8673 0.8651
2014  0.8906 0.8941 0.8878 0.8896 |OIBOSHY 0.8777 0.8775 0.8765 0.8759 0.8750 0.8733 Problem Software-usage data had no graph structure
2015  0.8914 0.8913 0.8901 0.8890 0.8890 0.8797 0.8798 0.8788 0.8793 0.8776 and no time axis.

2016  0.8849 0.8882 0.8876 0.8900 0.8912 0.8929 0.8845 0.8840 0.8826 0.8817

2017  0.8885 0.8869 0.8899 0.8917 0.8941 0.8944 0.8945

2018  0.8989 0.8981 0.8997 0.9016 0.9022 0.9030 0.9051 0.9076
2019  0.8861 0.8877 0.8868 0.8895 0.8893 0.8917 0.8934 0.8952
2020  0.8888 0.8907 0.8955 0.8960 0.8975 0.8992 0.9018 0.9045 0.9068

What we did Built a publication—software graph from
6.5M mentions in biomedical papers and framed
usage prediction as temporal link prediction; one
model per year, 2010-2020, tested on every year.

Result Best in the training year, decaying with the
figure from the paper gap; about a two-year transfer window. We; | helped
with the paper logic, figures and revisions.
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Understanding EL

EKAW 2024 - James Nevin (lead), Pengyu Zhang, D. Dimitrov, M. Lees, P. Groth, S. Dietze
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figure from the paper

DBpedia Spotlight confidence

BACKUP

~40%

overlap between the entities two linkers extract from
the same 21M tweets (Jaccard 0.38-0.41)

Problem Tweets are short and noisy; without ground
truth you cannot pick the best linker, yet the
downstream network depends entirely on it.

What we did Linked 21M COVID-era tweets with FEL
and DBpedia Spotlight at five thresholds each and
compared the resulting co-occurrence networks. |
owned the entity linking component.

Result Network size, connectivity and top entities all
shift with tool and threshold; COVID-19 drops out of
the top ten at strict FEL settings. Report across
linkers, not one.

11



Survey: LLMs for data challenges in graphs

ESWA 2026 - Mengran Li (lead), Pengyu Zhang, and 12 co-authors (UvA, SYSU, BJUT)

Fundamental Data-Centric Challenges in Graphs
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figure from the paper

BACKUP

380+

papers kept from more than a thousand screened,
organised by four data challenges

Problem Real graph data is incomplete, imbalanced,
heterogeneous across domains and keeps changing;
LLM work on graphs lacked a data-centric map.

What we did Organised the literature by the four
data challenges rather than by model type, each with
traditional and LLM approaches; open repository. |
wrote the dynamic instability and temporal sections.

Result A taxonomy and reading map; open problems
in efficiency, interpretability, continual adaptation
and hallucination.
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MVMA-GCN

EAAI 2023 - Pengyu Zhang, Yong Zhang, Jingcheng Wang, Baocai Yin (BJUT)

! Node Feature X

Co-Author
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figure from the paper
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BACKUP

+2 pts

over AM-GCN on ACM (92.7 vs 90.4 accuracy at 20
labels per class); best on most of eight benchmarks

Problem Real networks have several kinds of links;
single-view GNNs throw that away and cannot weight
views or neighbours adaptively.

What | did All relation views plus a kNN feature
graph convolved together; HSIC keeps each view's
representation distinct; one attention layer over
neighbours, one over views; an autoencoder branch
keeps feature structure.

Result Best in most settings across eight datasets;
each module contributes in ablation. The
distinct/shared idea and HSIC carried straight into
TIGER.

13



RUNCL

Physica A 2024 - Pengyu Zhang, Yong Zhang, Xinglin Piao, Yongliang Sun, Baocai Yin (BJUT)

Graph:
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figure from the paper

BACKUP

3% => 6%

gain over the strongest baseline on low-degree nodes as
labels shrink from 20 to 5 per class

Problem Missing or wrong edges hurt poorly
connected nodes most, and GNNs treat the input
graph as ground truth.

What | did Generate candidate kNN neighbourhoods
from node features, pick the best graph with a
stochastic block model and Bayesian inference, then
contrastive learning between the feature view and
the relation view.

Result Best in most low-label settings on six
benchmarks; the contrastive part matters most when
labels are scarcest. The low-degree focus and cross-
view contrastive carried into CYCLE.
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BACKUP

Visual Analysis for name disambiguation

JCAD 2022 (in Chinese) - Pengyu Zhang, Yong Zhang, Yanjie Cui, Baocai Yin (BJUT)

T
: APPLIED SURFACE SCIENCE}
Ao Yu ‘ ASTROPHYSICS AND SPACER
Chen Yang:
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Xin Li r = Pusd
Shu Chien E -
Runsheng Chen
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Lifei Zhang:
Ligang Zhou-
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Xiachen Zhi
‘Weidong Sun

Composite Structures
IEEE Sensors Journal
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Atticle Data Author Info Periodical Info
@5‘“  Kaag, Y., Sewastiaik, T. , Wang, J., Taaton, H. , Alde, K. , Denis, P, Xin, Y., Wang, Z., L, R. , Zhang, M. , Huang, Y., Lods, M., Scivastava, A., Chen, R., Lioy M., & 4

0. R. . (2020). BCLY provides multi-cellular communication properties in colorectal cancer by interacting with paraspeckle proteins.. 11(1), 19-.

2. Hao Y., Wang,D., W, S.,Li, X., Shao, C.,

'
'

'

'

" P..Chen. J., Lim, D., Fu, X., Chen, R. , & He, S. . (2020). Active help maintain
) required for faithful cell division.. 30(11), 1570-1582.

.

'

'

'

5 '
Proceedings of Meetings on Acot
'

3. Zhso.L.,Wang J..LiY..Song. T., Wu. Y., Fang. §.. Bu, D..Li. H., Sun, L., Pei. D, Zheng. Y., Huang. J. . Xu. M. . Chen. R. , Zhao, Y. , & He. S. . (2020). NONCODEVS: an
updated database dedicated to long non-coding RNA annotation in both animals and plants....

'
'
'
'
y % Xue, Y., Chen,R.,Qu,L., & Cao, X. . (2020), Noncoding RNA: from dark matter to bright star.. 63(4), 463-468 !
'
'

'
S, WS, WuE., WangD..Niu, Y., Yoe, H.. Zhaog, D. , Luo, J., & Chen. R. . (2020). LnscRNA HRCEG, regulated by HDACT, inhibits cells proliferation and epithelial-mesenchymal- §
! . transition in gastric cancer. 241, 2533, BRI L L LT T .

figure from the paper

95%+

task success for eleven volunteers on 4,000 real
university papers; usability 84-88 / 100

Problem Romanised Chinese names collide;
hundreds of authors under one spelling, and existing
tools were hard for non-experts to use or verify.

What | did A multi-view GCN classifier (co-author, co-
venue, co-keyword, kNN features) predicting each
author's field, plus linked views: correlation,
collaboration network with journal linkage, raw
metadata.

Result Classifier about 91% on ACM and DBLP; two
real cases confirmed by research administrators; user
study with students and administrators.
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DualCha

nnel

Information 2021 - Xin Zheng (lead), Pengyu Zhang, Yanjie Cui, Rong Du, Yong Zhang (BJUT)
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figure from the paper
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BACKUP

F10.62

on AMiner WholsWho, above six baselines, with
balanced precision and recall

Problem Name disambiguation methods used either
text or graph structure, rarely both.

What we did A semantic channel (fastText on an
academic corpus) and a relation channel (co-author,
organisation, venue heterogeneous graph with meta-
path walks, Hin2Vec); similarity matrices added,
DBSCAN clustering.

Result F1 0.62 versus 0.61 for the best baseline;
works best for names with fewer homonyms and
enough history. We; | wrote the manuscript with all
figures and tables.
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TIGER

ECAI 2024 - Pengyu Zhang, Congfeng Cao, Paul Groth

Data Source

"
,

context left: "images", "are’
"accepted"...

mention: Olympic

context right: "recognition”,
"competing"...

QID: Q212434
entity: Olympic_sports

Olympic sports are contested
in the Summer and Winter
Olympic Games...

Weightlifting (Q83462) is an
Olympic sport (Q212434)
Q83462 P31 Q212434

"olympic”, "sports”,
"contested", "summer",
"winter"...

2011_Arizona_Wildcats_
football team (Q4620330)
Olympic_sports (Q212434)
Q4620330 Q212434

figure from the paper
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BACKUP

+21%

over SpEL on continual entities at a 3-year gap (16% at
one year)

Problem Text-only linkers decay as the knowledge
graph evolves.

What | did Add Wikidata relations and a description-
similarity graph; shared and distinct GCN modules
with an HSIC loss keep what each graph knows. Graph
at training, text-only at inference.

Result Gains grow with the gap; largest on well-
connected entities. Built Graph-TempEL, four yearly
snapshots, 136k entities.
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CYCLE

CIKM 2024 - Pengyu Zhang, Congfeng Cao, Klim Zaporojets, Paul Groth

text-based input

mention context

Amazon purchased the
Whole Foods Market
supermarket chain in

2017. The company has
multiple subsidiaries,

including Amazon Web

Services, providing cloud

computing, a self-driving
car division, Kuiper
Systems, a satellite
Internet provider.

entity description

Amazon.com, Inc.,[1]
doing business as
Amazon (/'@mazon/,
AM-a-zon; UK also
/'@mazan/, AM-a-zan), is
an American
multinational technology
company, engaged in e-
commerce, cloud
computing, online
advertising, digital
streaming, and artificial
intelligence. It is
considered one of the Big
Five American
technology companies.

figure from the paper
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BACKUP

+18%

over SpEL at a 3-year gap (14% at one year), continual
and new entities combined

Problem TIGER treats each year's graph as static; the
change itself was unused.

What | did Edges that appear between snapshots
become positives, edges that disappear become
negatives; cross-view contrastive learning between
relation and feature graphs.

Result Largest gains on low-degree entities, the ones
most exposed to drift. Built GCL-TempEL.
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Beyond Images

ESWC 2026 - Pengyu Zhang, Klim Zaporojets, Jie Liu, Jia-Hong Huang, Paul Groth

Original
Dataset

v

(1) Modality Extension
Module

Entity Name: Amsterdam

Entity ID: 0727

(2) Semantic Generation
Module

Original Images:

|

Search Web for Images:

Google

WIKIDATA

Original Image Description:
the scene is of a canal
with buildings on both
sides.

New Image Description:
three red Saint Andrew's
crosses on a white banner,
symbol of Amsterdam.

A

figure from the paper
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(3) LLM-based Semantic Fusion Module

Prompt:
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and coherent summary paragraph.

}

44 OQuama o5

Mistral-7b LLaMA-3.1-8b

LLMs:

v,

Flan-TS-base

Enriched
Dataset

BACKUP

7.5 325

Hits@1 on a logo-and-symbol subset; +5 to 8% overall
across four models

Problem Curated multi-modal KGs drop ambiguous
images because their visual embeddings are noise.

What | did Retrieve every Wikipedia image for the
entity, caption each with a VLM, fuse the captions
with an LLM into one summary, use it as the text
input.

Result No downstream model changes; all four
models improve on three datasets. Enrichment runs
once, offline.
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Time Imprint

under review - Pengyu Zhang, Klim Zaporojets, Congfeng Cao, Jia-Hong Huang, Paul Groth
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BACKUP

+58%

Hits@1 on the top-1% most ambiguous entities; +6%
Hits@1 overall on MKG-W

Problem Look-alike entities share text and images;
time lives at triple level, not entity level.

What | did Select a few timestamps around the
median plus the earliest year, pool with attention,
inject as prefix token, into scoring with a relation
gate, and as a contrastive view.

Result New state of the art on MKG-W. Still within
one point at 40% timestamp corruption.
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TimeRoute

under review - Pengyu Zhang, Yangqin Jiang, Klim Zaporojets, Congfeng Cao, Paul Groth
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figure from the paper
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5-10%

over the strongest baseline on TikTok and two Amazon
datasets, ten seeds

Problem Modality relevance drifts per user; one
global fusion weight cannot track it.

What | did A router turns each user's timestamp
profile into modality weights (under 700 parameters);
a time-conditioned diffusion module filters outdated
edges before graph propagation.

Result Random noise into the router removes the
gain, so it is the temporal signal. Routing shifts with
user activity.
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Select, Don't Train

ISWC 2026 - Fina Polat (lead), Daniel Daza, Pengyu Zhang, Klim Zaporojets, Paul Groth

Mention:

Amazon

Prompt:

You are a
in Entity
a mention

Context:

#Amazon#t is one
of the largest
e-commerce
platforms in the
world, founded
by Jeff Bezos.

Input

Candidates:

"6891537" -Amazon (company) is
an American multinational..

"1701"-The Amazon River in

Stage 1 - Retriever

Wikipedia API

(D}

South America is.. BM25
"48139"-The Amazon rainforest - =
also called..
VerbalizED
Stage 2 - Selector
Zero-shot (closed-source)
@ GPT-40 mini @ GPT-5.4 mini

helpful AI assistant specializing
Disambiguation. You will be given
and some context. Your task is to

select the correct entity from the given

candidates.

Answer only with the candidate number that
you think is the correct answer. If no
candidate clearly matches the mention,
return: None of the candidates

figure from the paper

Zero-shot (open-source)

{a Qwen3-32B

Low-resource finetuning

‘d.Mistral-NaMa-us @ Qwen3-8B

_._.d.Mistral-s.nau-uB

Top1
candidates

Top 8
candidates

Top 16
candidates

Output

Top1
candidates

"None of the
candidates"

BACKUP

86.3

micro-F1 on ZELDA with untrained BM25 + GPT-5.4-
mini, 4 points above the best dual encoder

Problem Dual encoders squeeze retrieval and
selection into one space and need retraining as the
KB changes.

What we did Split them: a retriever returns 16
candidates, an LLM selects one or abstains.
Retrievers: Wikipedia API, BM25, or a trained dense
model.

Result A trained dense retriever lifts it to 88.5;
rewarding correct abstention, 90.7. We; Fina led, |
was in the discussions throughout.
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Fusion Training

ACL 2026 SRW - Congfeng Cao (lead), Pengyu Zhang, Jelke Bloem

Thinking
data

Non-
thinking
data

figure from the paper
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Thinking Mode Fusion

Training Schedule

Non-Thinking Data Thinking Data

Thinking Data Non-Thinking Data

Accuracy

Thinking .
Mode Q

Non-Thinking
Mode

72 Qwen

Length

Length /
.

Data Ratio

BACKUP

r=-0.58

correlation between thinking and non-thinking accuracy
across ratios and schedules; interleaved training most
robust

Problem Hybrid reasoning models like Qwen3 are
fine-tuned on both long-reasoning and short-answer
data; the effect of the ratio and the order was
unstudied.

What we did Fusion Bench: thinking data fixed at
1,500, non-thinking from 375 to 6,000 (seven ratios),
three schedules (T-NT, NT-T, interleaved), Qwen3-4B
with LoRA, three runs each.

Result More short-answer data lowers long-
reasoning accuracy (0.224 -» 0.199); the best
schedule depends on the ratio; interleaving is the
most robust. We; | helped with the paper logic,
figures and revisions.
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How the thesis puts it

Addressing Temporal Dynamics and Entity Ambiguity in Knowledge Graph Tasks with Multi-Source Information - SIKS 2026

Task

Problem

Signal

Approach

Finding

Hypothesis: information sources not yet used as modeling signals improve KG tasks
under temporal dynamics and entity ambiguity

Challenge 1: Temporal dynamics (RQ1)

Chapter 2-RQ1.1
TIGER + CYCLE

Entity Linking

Text-only linkers degrade
as the KG evolves

Graph structure and its
evolution

Graph convolution over
snapshots + cross-year
edge contrastive learning

Complementary gains
across high- and
low-degree entities

Chapter 3- RQ1.2
TimeRoute

Multi-modal
recommendation

Modality relevance drifts
per user; global fusion
cannot track it

Users’ temporal contexts

Per-user modal router +
time-conditioned diffusion
reconstruction

Gains need both the
mechanisms and
temporal input

Challenge 2: Entity ambiguity (RQ2)

Chapter 4 - RQ2.1

Beyond Images

Link prediction in MMKGs

Ambiguous images (logos,
symbols) act as noise and
are discarded

Text distilled from
ambiguous images

Image retrieval +
image-to-text conversion +
LLM fusion

Largest gains on logo and
symbol images

Chapter 5- RQ2.2
Time Imprint

Link prediction in MMKGs

Look-alike entities share
text and images

Time as an entity-level
modality

Three-view contrastive
alignment + timestamp
selection

Largest gains on the most
ambiguous entities

BACKUP
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