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Copyright, Use, and Licensing Statements
kachtdfk(cdsserganizgidabaundhisetyafafocus areas called “tracks”. A track has a motivating

use case, which is generally an abstraction of a user task. TREC 2025 contained ten tracks:
Adhoc Video Search (AVS): content-based search in internet video
BioGen: retrieval-augmented generation for bioinformatics.

Qegpcgzglon,'ﬁ?trleval and Augmented Generation for Understanding News (DRAGUN): gen-
Approv%aaayngmgﬁ@m%abwe@v%m 3rtiglgs.a99searching for answers.

Interactive Knowledge Aquisition (IKAT): conversational search
Million LLM: selecting among many LLMs in order to answer hard queries.

Product Search and Recommnendation: searchingfor productsinane-commerce setting.
ow to cite hIS NIST Tec %% al Series Pu
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Ri\‘hﬁ‘ﬁﬂt‘?ﬁh‘ﬁﬁ‘ﬁh&ﬁ? & WRIR I gRsFRVR1biaE RAGTIME) 3 Ultilingual search and RAG

for reports.
Tip-of-the-Tongue Search (ToT): searching for very ill-defined known item search needs.

Video Question Answering (VQA): Asking multimodal Al systems questions about short
videos.

In addition, a Change Detection track was planned but has been postponed to TREC 2026.

Seventy-three groups from 23 different countries participated in TREC 2025. Table 1 lists
the participating organizations.

This paper serves as an introduction to the research described in detail in the remainder of
the proceedings. The next section provides a summary of the retrieval background knowl-
edge that is assumed in the other papers. Section 3 presents a short description of each
track—a more complete description of a track can be found in that track’s overview paper
in the proceedings.
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GE Healthcare

NIT Agartala TREC RAG Team

Nagaoka University of Technology

National Chengchi University

National Institute of Informatics (NII), HCM-UIT
National Institute of Technology, Agartala
National University of Singapore

Paul Hildebrandt

Politecnico di Torino

RMIT University

Ricoh Software Research Center (Beijing) Co., Ltd.
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Swiss Institute of Bioinformatics
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The University of Tokyo

Tianjin University

GRILL Lab . Tokyo University of Science
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Human Language Technology Center of Excellence Universidade Federal de Minas Gerais
Human Language Technology Center of Excellence - Evaluation Team  University of Amsterdam
IDA Center for Computing Sciences University of Amsterdam, Information Retrieval Lab
Il-Lab, University of Tsukuba University of Delaware
IRKM Lab at University of California Santa Cruz University of Glasgow Terrier Team
Indian Institute of Technology Jodhpur University of Illinois Urbana Champaign
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JHU HLTCOE SCALE25 rerank WHU-NERCMS, Wuhan, China
JHU HLTCOE SCALE25 retrieve Webis @ Jena, Leipzig, Weimar
Jeonbuk National University WueRAG

MIT Lincoln Laboratory

2. Information Retrieval

Information retrieval is concerned with locating information that will help satisfy a user’s
information need. Traditionally, the emphasis has been on text retrieval: providing ac-
cess to natural language texts where the set of documents to be searched is large and
topically diverse. There is increasing interest, however, in finding appropriate information
regardless of the medium that happens to contain that information. Thus “document” can
be interpreted as any unit of information such as a tweet, an email message, a medical
record, a web page, a video clip, or an academic paper.

The prototypical retrieval task is a researcher doing a literature search in a library. In this
environment the retrieval system knows the set of documents to be searched (the library’s
holdings), but cannot anticipate the particular topic that will be investigated. We call this
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5??06‘?@8P88t1?§‘c°6f9%°6&$ﬁ‘§ﬂ¥§ Q&OQH%thO"tﬁ%r 'H%EhMé.-quE"EHB%»%’:@H%%%?F&OS?@FE%%%
F‘?(u'fo n}twl %nst'ahsf?/r%ﬁgclﬁ c?rrn)fatl%ner%teaé/ Ifreeraorglge?:l efore documents it believes are less
likely to satisfy the need.

Information retrieval tasks have proliferated beyond the ad hoc task, to encompass the
type of desired response, the objective of the user, the frequency of the search, and the
RIérizatian Qhithedksylts. LLMs have given birth to “Retrieval-Augmented Generation”,
aogombinaiometicettieyslatgmestion answering, and summarization. Here, the systems
reSpoatbeids| SenesrBubticatituidd afguiagentext, with citations into the documents that are
presumably the sources for the output. In the following section, test collections are dis-
cussed with respect to the ad hoc task, but the principles and many of the techniques are
identical in other tasks.

Bubidsi caliggyions

teReoret e AT 98 AE ey Brard 2Rt iiaP experiments on test collections to ad-
vance the state of the art [1, 2], and TREC continues this tradition. A test collection is an
abstraction of an operational retrieval environment that provides a means for researchers
to explore the relative benefits of different retrieval strategies in a laboratory setting. Test
collections generally consist of three parts: a set of documents, a set of information needs
il ¢ol dbpibis INITREChracadl Saiey @nblicatibgvnents, an indication of which documents should
B@?&ﬁweﬂwwr@%kgﬂg@ ThaphtbHes Bisitwt Rrofergrseittioras petisss ¢fidigadatdsbe cor-
paddieAre'esi ﬁfi’éﬂ}%§BW%MD,)QWPT\/%‘1%%&P?R"&88[}{%’&'%'%éﬂ dH'4 test collection a run.

2.1.1. Documents

The document set of a test collection should be a sample of the kinds of texts that will be
encountered in the operational setting of interest. It is important that the document set
reflect the diversity of subject matter, word choice, literary styles, document formats, etc.
of the operational setting for the retrieval results to be representative of the performance
in the real task. The initial TREC test collections contained 2 to 3 gigabytes of text and
500,000 to 1,000,000 documents. The document sets used in various tracks throughout
the years have been smaller and larger than these initial sets depending on the needs of
the track and the availability of data, but the general trend has been toward ever-larger
document sets to enhance the realism of the evaluation tasks. Similarly, the initial TREC
document sets consisted mostly of newspaper or newswire articles, but later document
sets have included a much broader spectrum of document types (such as recordings of
speech, web pages, scientific documents, blog posts, email messages, video clips, and busi-
ness documents). Each document is assigned an unique identifier called the DOCNO. For
most document sets, high-level structures within a document are tagged using a mark-up
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equipment identified are necessarily the best available for the purpose.

2.1.2. Topics

TREC distinguishes between a statement of information need (the topic) and the data struc-
ture that is actually given to a retrieval system (the query). The TREC test collections pro-
vide topics to allow a wide range of query construction methods to be tested and also to
MU ehanickd Segtataticdest of the criteria that make a document relevant. What is now con-
SRRVFigh Ve strhldeRp M FoT RSP TREC topic statement—a topic id, a title, a description,
Nhd Fernirapedes Rl edon AnadeR’eE 5 (1996). But topic formats vary in support of

the task, and few current TREC tasks use topics in this traditional format.

Participants are (usually) free to use any method they wish to create queries from the
topic statements. TREC distinguishes among two major categories of query construction
techniques, automatic methods and manual methods. An automatic method is a means
Biikdisphiondlistquery from the topic statement with no manual intervention whatsoever; a
ARRFSARC O TE EFRHRhEXisw BPRY QARG 8P manual query construction methods is
very broad, ranging from simple tweaks to an automatically derived query, through manual
construction of an initial query, to multiple query reformulations based on the document
sets retrieved. Since these methods require radically different amounts of (human) effort,
care must be taken when comparing manual results to ensure that the runs are truly com-

Pavatzeite this NIST Technical Series Publication:
Soboroff M, Awad GM (2026) The 34th Text REtrie_vgl Conference. (National Institute of Standar_ds
IREfetaritsgyreserasmlly, oapsinuntssksperificaiticiosthakasiptimypare to be used in. When

outside resources such as search engine logs are used as a source of topics the sample
selected for inclusion in the test set is vetted to insure there is a reasonable match with the
document set (i.e., neither too many nor too few relevant documents). Topics developed
at NIST are created by the NIST assessors, the set of people hired to both create topics and
make relevance judgments. Most of the NIST assessors are retired intelligence analysts.
The assessors receive track-specific training by NIST staff for both topic development and
relevance assessment.

2.1.3. Relevance judgments

Relevance judgments turn a set of documents and topics into a test collection. Given a
set of relevance judgments, the ad hoc retrieval task is then to retrieve all of the relevant
documents and none of the irrelevant documents. Most of the traditional measures of re-
trieval effectiveness treat relevance judgments as binary indicators—either a document is
relevant to the topic or it is not—and the judgments themselves are binary in the original
TREC collections. Use of evaluation measures that incorporate different levels (or grades)
of relevance has become much more prevalent in recent TRECs, and today relevance judg-
ments are generally made on a graded scale to support the use of these measures.
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HidrRpet eosdentojires by b el Fifeed me b @503 PuFaiptisavAidyeS urR idepfifeatienrddeyaattnplvg-
PR ERTSREO B §W§%ﬂ%:"fﬁ8‘f§&?%‘§t°é 1, Iﬁ?é@’r”&'jb e POE FBBH TR SDARTE ErRTRIS 35
F\%ugr S ntta 'lrft%hrg%tgﬁftﬁce Sarlé’trlevg’dt a\gc'am%r?tst sp?lte the idiosyncratic nature of rel-
evance, test collections are useful abstractions because the comparative effectiveness of
different retrieval methods is stable in the face of changes to the relevance judgments [4].

The relevance judgments in the first retrieval test collections were complete. That is, a
Rl vRAGR desdsiaparasdnade for every document in the collection for every topic. The
sizg afihe TREcdoaneniisetserakes complete judgments infeasible, so by necessity TREC
difileletiorisahSermeuteld dipjudgitifen Alptasubset of the document collection for each topic
and then estimating the effectiveness of retrieval results from the judged sample.

“Pooling” is the technique used in many TREC tracks for selecting the sample of docu-
ments for the human assessor to judge [5]. In pooling, the top results from a set of runs
are combined to form the pool and only those documents in the pool are judged. Runs are
pubBERisaHiMgyaluated assuming that all unpooled (and hence unjudged) documents are
npireekeManthd NIsTakitcedbirbvibe BREE @oziddegpraress proceeds as follows. When partici-
pants submit their retrieval runs to NIST, they rank their runs in the order they prefer them
to be judged. NIST chooses a number of runs to be merged into the pools, and selects that
many runs from each participant respecting the preferred ordering. For each selected run,
the top X documents per topic are added to the topics’ pools.

'I‘HE’ E‘?lﬁ(ﬁ%ﬁhﬂé&'é? Fﬁ%ﬁﬁﬁ'{%"@%ﬁﬁ?'&ﬁ}'&?ﬂ etldcdocuments are aslslumted to be not relevant
nier

A T T N
treatment 22 direct result of the original premlse o pooling: that by taking top-ranked
documents from sufficiently many, diverse retrieval runs, the pool will contain the vast ma-
jority of the relevant documents in the document set. If this is true, then the resulting rel-
evance judgment sets will be “essentially complete”, and the evaluation scores computed
using the judgments will be very close to the scores that would have been computed had
complete judgments been available.

Various studies have examined the validity of pooling’s premise in practice. Harman [6]
and Zobel [7] independently showed that early TREC collections in fact had unjudged doc-
uments that would have been judged relevant had they beenin the pools. But, importantly,
the distribution of those “missing” relevant documents was highly skewed by topic (a topic
that had lots of known relevant documents had more missing relevant), and uniform across
runs. Zobel demonstrated that these “approximately complete” judgments produced by
pooling were sufficient to fairly compare retrieval runs. Using the leave-out-uniques (LOU)
test, he evaluated each run that contributed to the pools using both the official set of rele-
vant documents published for that collection and the set of relevant documents produced
by removing the relevant documents uniquely retrieved by the run being evaluated. For
the TREC-5 ad hoc collection, he found that using the unique relevant documents increased
arun’s 11 point average precision score by an average of 0.5 %. The maximum increase for
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sized pools shrinks. At some point, pooling’s premise must become invalid. The test col-
lection created in the Robust and HARD tracks in TREC 2005 showed that this point is not
at some absolute pool size, but rather when pools are shallow relative to the number of
documents in the collection [8]. With shallow pools, the sheer number of documents of a
restaidyes Sillivpddigipools to the exclusion of other types of documents. This produces
pedgnarnisssetindhrtaiediased@gainst runs that retrieve the less popular document type,
reSUTHem i e riiny 8libliestado ddromfier Syntax

Several TREC tracks have investigated new ways of sampling from very large documents
sets to obtain judgment sets that support fair evaluations. The primary goal of the Terabyte
track that was part of TRECs 2004—-2006 was to investigate new pooling strategies to build
reusable, fair collections at a reasonable cost despite collection size. The Million Query
a4 TiBE H5sef}) 7—2009) was a successor to the Terabyte track in that it had the same goal,
hpitravdiffierent Mipp Edachal Reei&opvard nrCzoEstoacdoof TREC 2017 and 2018 used multi-arm
bandit optimization techniques to select documents to be judged. TRECs since 2019 have
experimented with a different approach based on the University of Waterloo’s HiCAL [9]
system to select the judgment set in the Deep Learning track. Each of these methods
reduces the number of relevance judgments made, but can bias the test collection more

FRWAEEURTRIeNRIRIN SRV PAMIRSBRIStical challenges, or both.

Soboroff IM, Awad GM (2026) The 34th Text REtrieval Conference. (National Institute of Standards
Qni TMﬁswoﬁaithersburg, MD), NIST Special Publication (SP) NIST SP 1340.

Retrieval runs on a test collection can be evaluated in a number of ways. In TREC, ad hoc
tasks that use pooling are evaluated using the trec_eval package [10]. This package re-
ports about 85 different numbers for a run, including recall and precision at various cut-off
levels plus single-valued summary measures that are derived from recall and precision.
Precision is the proportion of retrieved documents that are relevant (number-retrieved-
and-relevant/number-retrieved), while recall is the proportion of relevant documents that
are retrieved (number-retrieved-and-relevant/number-relevant). A cut-off level is a rank
that defines the retrieved set; for example, a cut-off level of ten defines the retrieved set
as the top ten documents in the ranked list. The trec_eval program reports the scores as
averages over the set of topics where each topic is equally weighted. (An alternative is to
weight each relevant document equally and thus give more weight to topics with more rel-
evant documents. Evaluation of retrieval effectiveness historically weights topics equally
since all users are assumed to be equally important.)

Precision reaches its maximal value of 1.0 when only relevant documents are retrieved,
and recall reaches its maximal value (also 1.0) when all the relevant documents are re-
trieved. Note, however, that these theoretical maximum values are not obtainable as an
average over a set of topics at a single cut-off level because different topics have different
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must have a recall score at ten documents retrieved less than 1.0. For a single topic, recall
and precision at a common cut-off level reflect the same information, namely the num-
ber of relevant documents retrieved. At varying cut-off levels, recall and precision tend
to be inversely related since retrieving more documents will usually increase recall while

degrading precision and vice versa.
NIST Technical Series Policies
Besgnty the amergrnae wfidargasanguage models and highly tuned applications based

NSt FReehmibed Serteaftellicatiot WeEntitierdyttax generative information seeking. This could be
retrieval-augmented generation, where results from a search are summarized (instead of
snippets on search results); question answering in situations where answers could be long
or detailed (instead of passage retrieval); iterative conversational search (instead of query
reformulation and suggestion); and more.

PORIiEMISRMisBsACtice in evaluating generative tasks comes from methods used for evalu-
aping\earptex NjSEEtHicsriafuwvieniigandspoaeaB-zation [11]. To use summarization as an
example, a task situation is established and a set of documents to be summarized forms
the topic. The assessor composes a model summary that can be used for automatic metrics
like ROUGE [12]. The assessor then proceeds to compose a set of “nuggets”. The definition
of a nugget varies from task to task but essentially articulates something that the gener-

AlS s PRONTEH sE SRRta €L L OpdBE LR b @ sood summary. A nugget could be a fact that
saaflsttabamendiopedsprha suestamRthal nerdskente prawrspdsRuRYTSRR@frdelations
thd flevbedldgy iwitthe rstifiredViEc NIIE GpdlyjahRiggietsiam¢SEpRRiNEdPsiadd.that the generated text
could cover them in a single sentence. The assessor then reviews each sentence in the
generated text to identify which if any nuggets are addressed by that sentence. Precision
and recall can then be used to score the generated summary.

In a RAG scenario with a modern LLM, there are some novel twists that need to be ad-
dressed. Since the documents are not provided up front, but are discovered by the system,
we need to determine how the document relates to the generated output. Further, LLMs
may generate false or misleading information (“hallucinations”), and these should be iden-
tified and impact the score appropriately. Currently, we require systems to cite documents
for each generated sentence. The assessor can then determine if the cited document is
relevant and if it supports the information in the sentence. Only relevant and supported
sentences are aligned to nuggets. Hallucinations would either cite irrelevant documents
or documents that do not support the sentence, and so can be marked wrong. We do
not currently try to establish whether some other document supports the sentence, or if
the information in the sentence is true, so this is a limited level of hallucination capture.
The current practice does not measure the quality of the presentation, for example if the
information is provided in a usefully structured way; a generated output and an random
permutation of the sentences of that output would both currently score the same.



NIST SP 1348
March 2026

BerTREER(25Tracksuments, software, or materials, commercial or non-commercial, are identified in
this paper in order to specify the experimental procedure adequately. Such identification does not imply

TREC PR RO Al NGRESBBgAhOfP TRECIY L1 og)Vice i Rigk koS dpoe s BvRydhpurSIsate i of,
R dsr et Bscarecis NN PERLARIRPIG EYSN G RYRRG running of a track often de-
fines what the problem really is, and a track creates the necessary infrastructure (test col-
lections, evaluation methodology, etc.) to support research on its task. The tracks also
demonstrate the robustness of core retrieval technology in that the same techniques are
frequently appropriate for a variety of tasks. Finally, the tracks make TREC attractive to a
NIgatkshnicahyetiesi Bplisjeproviding tasks that match the research interests of more groups.
FaprEehtitre A irarBIsOtRREWiat were in each TREC, the number of groups that sub-
rNr%?tTtg%f?ﬂ'ﬁasl §8rﬁfa%u rlécgl?,ogrlwdde?ﬂge{gygltaﬁ(umber of groups that participated in each TREC.

This section describes the tasks performed in the TREC 2025 tracks. See the track reports
later in these proceedings for a more complete description of each track.

ublicatjon Hi
§b€?§g§8ft'iféoc%9rse%ﬂ5$gl(é'\eyl§e)\u Board on 2026-03-20
AVS is traditional ad hoc search, but the “documents” are internet videos. The topics are
a sentence-length query like “A man is putting on a jacket or a t-shirt”. The videos come
from the Vimeo Creative Commons dataset and the track provides a master shot boundary
reference. Systems return at most 1000 shots for each query, and those shots are pooled

RB@ tssrexnd falpeingithiestradibwirhti&ri:C protocol.
Soboroff IM, Awad GM (2026) The 34th Text REtrieval Conference. (National Institute of Standards

EABPLAR131SH0 BN LBLRS MM ISie &3ar BOSItQhe S NidPSK 1340,

3.2. BioGen

BioGen is retrieval-augmented generation in the biomedical context. Inaccurate gener-
ations in the biomedical context could be particularly harmful. The track this year had
two tasks. Task A asked systems to ground a provided generated sentence in a PubMed
document. Task B (“reference attribution”) was to generate answers with citations into
PubMed.

Ten participating groups submitted 22 runs to the grounding task and 49 runs to the refer-
ence attribution task.

3.3. DRAGUN

DRAGUN stands for Detection, Retrieval, and Augmented Generation for Understanding
News. The track started in 2024 as “Lateral Reading”. Someone reading a web page or an
opinion piece in a newspaper, instead of seeking further information on the topic might
engage in what researchers have called “lateral reading”: examining source credibility,
finding supporting evidence, and cross-referencing other sources through web searches
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systems searched ClueWeb22-B-English for answers to the generated questions.[13]

Ten participating groups submitted 37 runs to question generation task and 28 runs to the
generation task.

Ridr Tatieractieeidarolidedge Acquisition (IKAT)

Copyright, Use, and Licensing Statements
e teterretiveidkamiedgs Assisteasentaack (IKAT) is the successor to the Conversational

Assistance track (CAsT), which ran from 2019 to 2022. The focus of these tracks is on sys-
tems that support conversational information seeking. One inspiration for this is personal
assistant “smart speakers”, but imagine them able to help you with a complex, multistep
search. Such systems need to be able to maintain information about the state of the dia-

logue (“context”) to properly interpret the current information need.
Publication History

RRSINGESANQRS NYEMESRRIPREGEWYHE spasshinatess. The conversations could branch and
merge at several points. Users were modeled with a “personal text knowledge base”, a

series of facts about the user that may have been pertinent to the conversation. Different
users could follow through similar conversations but have different outcomes. A new task
this year allowed participant systems to interact with a simulated user.

BigitriveitdsNISTTidthoiAbSeday Babditativgeneration runs (with 9 runs submitting genera-
tRhesalfiti ot 5hedA LO2Eh Kis S P d RifrieraleRidesrptsidtiationghigstitute of Standards

and Technology, Gaithersburg, MD), NIST Special Publication (SP) NIST SP 1340.
3.5. Million LLM

The new Million LLM track is based on the notion that in the future, large language models
will be more task- and domain-specific, and consequently there will be a need to select the
appropriate model to answer a question.[14]

NIST was asked to create queries that current LLMs did not seem to answer well. We did
this using an iterative process, where the assessor composed a question, which was sent
to three current-generation models. The assessor then modified their question until they
arrived at one that none of the models could generate a satisfactory answer for.

Six groups participated in the MLLM track, submitting 19 runs.

3.6. Product Search

Product Search is TREC’s first track in the e-commerce domain. This year there was a search
task and a new recommendation task. The documents and queries came from the ESCI
Challenge for Improving Product Search !, a KDD Cup challenge in 2022 administered by

Ihttps://amazonkddcup.github.io/
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{fdapaner & ipnden deebesiydederimsatrhereetwisigdrsygtely. Such identification does not imply

recommendation or endorsement of any product or service by NIST, nor does it imply that the materials or
by dihen eeicioiaminifed diadioer dssskil syt s qyadehieéat thrpearpaskings given a query product: a
list of products that complement (go along with) the product, a list of products that could
substitute for the product, and a combined list of related products. Products were pooled
from all three rankings and judged to be complementary, substitutes, related, or neither.
In addition to familiar nDCG scoring, rankings were scored as to the diversity of their prod-

NS rRased R Atssiglproduct categories.

opyright, Use, and Licensing.Statements .
ki ErouBs sSUBmESR 1 Scllich funs and 5 recommendation runs.
3.7. RAG

Retrieval-augmented generation continues to be a compelling and popular research topic.
The second year of the track continued its three tasks: retrieval, augmented-generation
(,%%nga@ginogisggwg a provided baseline ranking) and full retrieval-augmented generation.

Kb bRaluglsr hasraaexre HRRNtabrsleyRnessigglgments task, essentially a baseline rerank-
ing task. The document collection is the MS MARCO 2.1 passage collection.

Assessment for RAG was done similarly to RAGTIME: the assessors first reviewed passages
for relevance. When the assessor found a relevant documents, they supplied a short sen-
tence to seed the nugget creation process. The assessors then refined the sentences down

tw setiefthisgdstIevhhich sedrs Rhiditatiatched to full generated outputs, yielding a set of
afs Mo heret ) (08 dekisotfdh Text REtrieval Conference. (National Institute of Standards

and Technology, Gaithersburg, MD), NIST Special Publication (SP) NIST SP 1340.

The RAG track was again the most popular track, with 23 groups submitting 46 retrieval

runs, 25 augmented-generation runs, and 51 generation runs.

3.8. RAGTIME

RAGTIME stands for RAG TREC Instrument for Multilingual Evaluation, is the successor to
the NeuCLIR track, and focuses on multilingual search and generation. The task is mul-
tilingual — systems operate over multiple languages and return a single result based on
documents from any or all languages. The search task is traditional ad hoc search. The
generation task requires systems to produce “reports” that summarizes critical informa-
tion, grounded by citations back to the source documents.

The document collection for this task is a combination of Russian, Chinese, Arabic, and
English news text from CommonCrawl News. The relevance assessors are all bilingual in
English and one of the target languages, and many of them are native speakers in the target
language.

2The data is Apache-2.0 licensed and so was available to reuse in TREC.
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the thinking of each other exactly.?

The scale for relevance is not relevant, topical (being in the ballpark), valuable and very
valuable. The distinction between the top two levels is stated in terms of the user task:
KierYsainksitingmirgport on the topic, and very valuable items are the citations of the
bigheskirpoeimnce-andgusefednass. They would be cited early in the report, perhaps even
NIt ectitistages ADbliakreritenhidrwetexmerely “valuable” were valid citations, but they
were useful more in a supporting role. When documents are labeled valuable or very
valuable, the assessor records an English sentence they will later use to create “nuggets”.

Following relevance assessment, citations are assessed in their context to determine if
they support the sentence they are cited for. This is still a bilingual task. Next, assessors
PuiggERisH insiskecorded English sentences into set of “nuggets”, which for RAGTIME take
hipe ko lnfisleons Tfad o eib bReesd0 R dtdlatrareogrossped into higher-level questions the report
seeks to answer. Lastly, assessors match sentences in the generated report against the
nugget set. These last two tasks are in English and so any assessor on the team can do
them.

Twenty groups submitted 55 runs to a dry run generation task, 32 multilingual retrieval
Homstasite ghis- N rlesbinerttesigsrRiication:

Soboroff IM, Awad GM (2026) The 34th Text REtrieval Conference. (National Institute of Standards

and Technology, Gaithersburg, MD), NIST Special Publication (SP) NIST SP 1340.

3.9. Tip-of-the-Tongue Search (ToT)

Tip-of-the-Tongue search is inspired by sites such as irememberthismovie.com and the
Reddit board r/tipofmytongue. On these sites, people ask about a movie or book or
song or place that they don’t remember the title of, and don’t even completely remember
anything about it. Rather, they have an incomplete memory that may even mix up two
separate things. People on the site then respond with the book or movie that the poster
was trying to remember.

This is a special type of known-item search where the information need is vague, incom-
plete, and possibly erroneous. Such searches happen in many domains (we’ve all struggled
to find that email...) but as a search query type they are not well studied in the information
retrieval community.[15]

The track concept originated from a paper [16] and the accompanying MS-TOT dataset.
The NIST assessors created topics using a special elicitation process to yield these special
type of queries.

Nine groups submitted 32 runs.

3| do not expect to find assessors who individually are fluent in all four languages.
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video collection is a set of short videos (around 30 seconds on average) from YouTube that
are Creative-Commons licensed.

The track had two tasks: answer generation, a familiar RAG-style task, and multiple choice,

where systems selected an answer from a set of four options.
NIST Technical Series Policies
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4. Future

TREC will continue in 2026. The RAG, RAGTIME, Million LLM, and VQA tracks will continue.
Ihﬁlcaqlong_ﬁsPetecnon track, originally intended to start in 2025, will run in 2026. IKAT is
ggmwt@eq\ﬂw'&r@gﬁgmgﬁ%%wMIgpgazwﬂgsggrt Lastly, a meta-track, AutoJudge, will
offer a space for researchers to test automated and semi-automated methods of assessing
generated outputs from RAG, RAGTIME, and VQA.

Al-generated content continues to be a major thrust of current IR research as well as a chal-
lenge to evaluation. The current evaluation methods, refined from techniques born from
HoedbaitecthinNasTrEe chndealiSariea Fnbticatipare labor intensive and do not create reusable test
eoiretoMs AsTAE &S MevP gt h Sed REt vy herefesenagd Wstonald s thyterpivdaaiiwrdey been
frddedhnlary CalheRits: MR UM RETALSHRUCPHORHRELY 5HiE A%4%arrier to data-driven re-
search. Fortunately, the IR community is already working on a number of automated and
semi-automated approaches, all grounded in an understanding that evaluation requires
human understanding and judgment.
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