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Abstract

Temporal information is crucial for information retrieval, yet most
dense retrieval systems focus exclusively on semantic similarity
while neglecting temporal alignment between queries and docu-
ments. We propose TempRetriever!, a lightweight framework that
explicitly incorporates temporal information into dense passage
retrieval through learned fusion techniques. Unlike existing ap-
proaches requiring extensive architectural modifications or special-
ized pre-training, TempRetriever enhances standard dense retriev-
ers by combining semantic embeddings with temporal representa-
tions using four fusion strategies: Feature Stacking, Vector Sum-
mation, Relative Embeddings, and Element-Wise Interaction. Our
approach introduces a learned temporal encoder and time-based
negative sampling strategy to address temporal misalignment dur-
ing training. We evaluate TempRetriever on three temporal question
answering datasets (ArchivalQA, ChroniclingAmericaQA, Nobel-
Prize) spanning altogether years from 1800 to 2022. TempRetriever
achieves substantial improvements over standard DPR: 6.86% on
ArchivalQA (Recall@1) and 4.40% on ChroniclingAmericaQA (Re-
call@1). Our method also outperforms state-of-the-art temporal
retrieval systems, obtaining 9.62% improvement over BiTimeBERT
and 5.16% over TS-Retriever. Notably, TempRetriever’s fusion tech-
niques can enhance existing temporal methods, improving BiTime-
BERT by 5.12% and TS-Retriever by 6.17%, demonstrating modular-
ity and practical value. Zero-shot evaluation confirms strong gener-
alization across domains, and integration with retrieval-augmented
generation shows consistent end-to-end improvements.

CCS Concepts

« Information systems — Question answering; Information
retrieval.
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1 Introduction

Temporal information is fundamental to human understanding and
plays a critical role in information retrieval, yet most modern dense
retrieval systems largely ignore the temporal dimension [5, 11, 12,
17, 29, 36, 51, 41, 38]. When searching for information, users of-
ten have implicit or explicit temporal constraints that significantly
affect document relevance. Consider the query “What are the key
policies of the current US President?” vs. “What were the key poli-
cies implemented by the US President in 2022?” While both queries
seek presidential policy information, the first requires documents
about the present administration, whereas the second demands doc-
uments specifically from 2022. Traditional dense retrieval models
like Dense Passage Retrieval (DPR) [19] would treat these queries
similarly, potentially returning temporally misaligned results.

The importance of temporal awareness extends across numerous
domains where information quality depends heavily on timeliness
and temporal context [1, 7, 22, 27, 29, 43, 52]. In news retrieval,
legal document search, historical research, and scientific literature
review, the when of information is often as crucial as the what.
As Metzger [23] demonstrated, timeliness serves as a fundamental
measure of information quality alongside accuracy, relevance, and
objectivity. Despite this, most dense retrieval systems focus exclu-
sively on semantic similarity while neglecting temporal alignment
between queries and documents.

Current dense passage retrieval methods [19, 31, 39] have achieved
remarkable success in open-domain question answering by encod-
ing queries and documents into dense vector representations that
capture semantic relationships. However, these approaches typi-
cally operate on synchronic document collections like Wikipedia [40,
28], which represent world knowledge at a fixed point in time.
In contrast, many real-world applications require retrieval from
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diachronic collections—evolving document sets where temporal
context significantly impacts relevance. For instance, a query about
“recent developments in COVID-19 treatment” should prioritize
documents from recent months over older publications, even if
the older documents contain semantically similar content. Previ-
ous attempts to incorporate temporal understanding into language
models have largely focused on architectural modifications [26, 33,
45] or specialized pre-training procedures [32, 47]. While these
approaches show promise, they often require significant computa-
tional overhead, extensive architectural changes, or domain-specific
pre-training that limits their practical applicability. For example,
BiTimeBERT [45] necessitates comprehensive pre-training with
temporal objectives, while TS-Retriever [47] requires specialized
contrastive learning procedures with temporal constraints.

We propose TempRetriever, a novel approach to temporal-aware
dense retrieval that explicitly incorporates temporal information
through lightweight fusion techniques. Unlike previous methods
that require architectural overhauls or extensive pre-training, Tem-
pRetriever enhances existing dense retrieval frameworks by embed-
ding both query dates and document timestamps directly into the
retrieval process. Our approach enables retrieval of passages that
achieve both contextual relevance and temporal alignment without
fundamental changes to the underlying model architecture. The
core insight behind TempRetriever lies in treating temporal informa-
tion as a first-class citizen in the retrieval process. We introduce four
fusion techniques: Feature Stacking (FS), Vector Summation (VS),
Relative Embeddings (RE), and Element-Wise Interaction (EWTI)
that combine semantic and temporal embeddings in different ways.
These techniques allow the model to learn how temporal and seman-
tic signals should be balanced for optimal retrieval performance.
Additionally, we propose a novel time-based negative sampling
strategy that explicitly addresses temporal misalignment during
training by selecting negative examples based on their temporal
characteristics relative to positive documents.

Our method consistently achieves higher recall across different
k values, demonstrating its effectiveness in ranking temporally
relevant documents higher in the result list. This improvement is
particularly significant for Recall@1, where TempRetriever achieves
a6.63% improvement over standard DPR, indicating better precision
in identifying the most relevant documents.

To demonstrate the generalizability of our approach, we extend
TempRetriever to handle implicit temporal questions—queries that
lack explicit temporal references but have inherent temporal intent.
We develop a query date prediction model that infers temporal con-
text from query content, enabling unified temporal-aware retrieval
across both explicit and implicit temporal queries. Furthermore,
we integrate TempRetriever into Retrieval-Augmented Generation
(RAG) pipelines, showing how improved temporal retrieval trans-
lates to better answer generation in downstream applications. Our
comprehensive evaluation spans three temporal question answer-
ing datasets: ArchivalQA [44], ChroniclingAmericaQA [30], and
NobelPrize [47]. These datasets cover different temporal ranges
and domains, from historical news (1800-2007) to structured factual
content (1902-2022), providing robust evidence of TempRetriever’s
effectiveness across diverse temporal retrieval scenarios.

Contributions. Our work makes four key contributions to tem-
poral information retrieval:

Abdelrahman Abdallah, Bhawna Piryani, Jonas Wallat, Avishek Anand, & Adam Jatowt

(1) Temporal Fusion Framework: We propose TempRetriever,
a novel dense retrieval framework that explicitly incorpo-
rates both query dates and document timestamps through
four fusion techniques.

(2) Time-based Negative Sampling: We introduce a novel
negative sampling strategy that leverages temporal charac-
teristics to select training examples.

(3) Unified Temporal Query Handling: We demonstrate how
TempRetriever can be extended to implicit temporal ques-
tions through a query date prediction component, allowing
to provide a complete framework for both explicit and im-
plicit temporal retrieval.

(4) Comprehensive Empirical Analysis: We provide exten-
sive experimental validation across multiple datasets and
metrics, including zero-shot evaluation on the NobelPrize
benchmark.

2 Related Work

Dense retrieval methods encode queries and documents into con-
tinuous vector spaces that capture semantic relationships beyond
lexical overlap [19, 50, 24]. The seminal DPR work [19] demon-
strated that BERT-based encoders could outperform traditional
sparse methods like BM25. Subsequent improvements focused on
better training strategies [31, 39], architectural innovations like Col-
BERT [20, 35], and enhanced negative sampling [15, 48]. Despite
these advances, dense retrieval systems typically treat documents
as static entities without considering temporal context. Our work
demonstrates how temporal information can be seamlessly inte-
grated into existing dense retrieval frameworks.

Classical TIR emerged as a specialized field incorporating time-
related signals into search systems [4, 16]. Early work concentrated
on temporal query understanding [23, 27] and document timestamp
extraction [6], primarily operating on sparse retrieval models. Re-
cent TIR research explored temporal dynamics in web search [21],
news retrieval [18], and social media analysis [53]. However, these
approaches have not been extensively adapted to modern dense
retrieval architectures [3]. Our work bridges this gap by bringing
classical TIR insights into the dense retrieval paradigm.

Recent work has enhanced language models with temporal rea-
soning capabilities [49, 52, 38, 8, 37, 46, 29]. Cole et al. [9] introduced
Temporal Span Masking (TSM) for pre-training temporal reason-
ing, while Rosin and Radinsky [33] proposed temporal attention
mechanisms. Wang et al. [45] developed BiTimeBERT, integrating
document timestamps through specialized pre-training tasks includ-
ing time-aware masked language modeling. While BiTimeBERT
achieves strong performance, it requires comprehensive temporal
pre-training, making it computationally expensive. Our approach
enhances existing pre-trained models without requiring temporal-
specific pre-training. Most directly related, Wu et al. [47] proposed
TS-Retriever, integrating supervised contrastive learning with tem-
poral constraints by altering time specifiers in queries to generate
temporally mismatched negatives. While TS-Retriever shares our
temporal-aware retrieval goal, our approach differs significantly:
TS-Retriever requires specialized contrastive learning procedures,
whereas TempRetriever uses lightweight fusion techniques that
can enhance any dense retriever. Additionally, TS-Retriever focuses
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on explicit temporal constraints, while we handle implicit tempo-
ral queries through date prediction. Our fusion-based approach
is more modular—it can enhance existing temporal methods like
TS-Retriever itself.

Positioning of Our Work. TempRetriever distinguishes itself
from prior work through its emphasis on lightweight, generaliz-
able temporal enhancement. Unlike BiTimeBERT, which requires
extensive temporal pre-training, or TS-Retriever, which needs spe-
cialized contrastive learning, our fusion-based approach can en-
hance any existing dense retriever with minimal modification. Our
temporal fusion techniques are inspired by classical TIR principles
but adapted for modern neural architectures. Furthermore, our ap-
proach is uniquely modular—we demonstrate that TempRetriever
can improve not only standard dense retrievers but also existing
temporal methods like BiTimeBERT and TS-Retriever. This modu-
larity, combined with our extension to implicit temporal queries
and integration with RAG pipelines, provides a comprehensive
framework for temporal-aware information retrieval that addresses
limitations across multiple prior approaches. The temporal nega-
tive sampling strategy we introduce draws inspiration from hard
negative mining in dense retrieval [19, 48] but specifically targets
temporal misalignment—a challenge not addressed by previous
negative sampling methods. This contribution bridges classical TIR
insights about temporal relevance with modern dense retrieval
training techniques.

3 Method

We propose TempRetriever, a framework for incorporating tem-
poral information into dense passage retrieval through explicit
temporal-semantic fusion. Our approach extends existing dense
retrieval models by learning to combine semantic embeddings with
temporal representations, enabling retrieval systems to consider
both content relevance and temporal alignment.

3.1 Problem Formulation

Let V represent the vocabulary space encompassing all possible
tokens within a corpus. We define P = {p1, p2,...,pm} as a collec-
tion of M text passages, where each passage p € P is a sequence of
tokens drawn from V. Similarly, Q denotes the set of all possible
queries, with each query ¢ € Q also being a sequence of tokens
from V. We introduce the temporal space 7~ containing timestamps
associated with both queries and passages, where t; € 7 repre-
sents the temporal context of query g, and tp, € 7 represents the
publication date or relevant timestamp of passage p;.

Traditional dense retrieval optimizes for semantic similarity be-
tween queries and passages through learned embeddings. However,
temporal relevance introduces an additional dimension where the
temporal distance and alignment between t4 and t,, significantly
impacts the true relevance of passage p; to query g. Our goal is to
learn a joint representation that captures both semantic content
and temporal context, enabling the retrieval of passages that are
semantically relevant and temporally aligned.

Formally, we aim to learn encoding functions that map queries
and passages into a shared embedding space R? where temporal
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and semantic similarities are jointly optimized:
falg.tg) : Q@ x T - RY (1)
fo(pistp) : P XT — R? ®)

The relevance score between a query g and passage p; is then
computed as:

Sim(q’Pi) :fq(q’ tq)Tﬁo(Pi’ tpi) (3)

3.2 Temporal Dense Passage Retrieval

Figure 1 illustrates the overall architecture of TempRetriever in com-
parison to baseline approaches. Our framework consists of three
main components: semantic encoders for text content, a temporal
encoder for timestamp information, and fusion mechanisms that
combine these representations.

Semantic Encoding. We employ a shared BERT-based encoder [10]
to generate semantic embeddings for both queries and passages.
Specifically, we use the same pre-trained BERT model with param-
eters OgpRrr to encode textual content:

sq = Egerr (9: 0pERT) = BERT(q)[cL5] € R% (4)

sp = Eperr (p: OpERT) = BERT(p)[CLs5] € R ©)

where ds = 768 is the dimension of BERT embeddings, and the
[CLS] token serves as the aggregate representation. While we use
the notation Eggrr for both queries and passages, the same model
parameters are shared across both applications.

Temporal Encoding. A key component of TempRetriever is the
temporal encoder E;, which transforms timestamp information into
dense vector representations that can be meaningfully combined
with semantic embeddings. The temporal encoder architecture is
designed to capture temporal relationships and patterns that are
relevant for retrieval tasks.

Temporal-Semantic Fusion. We propose four fusion tech-
niques to combine semantic and temporal embeddings, each cap-
turing different aspects of temporal-semantic interaction:

Feature Stacking (FS): Concatenates semantic and temporal em-
beddings along the feature dimension:

Fuseps(s,er) = [sD e;] € R+ (6)

This approach preserves all information from both modalities and
allows the model to learn complex interactions through subsequent
processing. The resulting embedding dimension is d = ds + d; =
1536.
Vector Summation (VS): Combines embeddings through element-
wise addition:
Fuseys(s,er) =s+e; € R% (7)

This technique assumes that semantic and temporal information
can be additively combined, maintaining the original embedding
dimension while integrating temporal signals.

Relative Embeddings (RE): Captures the relative relationship be-
tween semantic and temporal representations:

Fusegg(s,e;) =s—e; € R% (8)

This approach emphasizes the difference between semantic and
temporal signals, potentially useful when temporal deviation from
semantic expectations is informative.
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Query q [SEP] Qdate t, Passage p; [SEP] Pdate t;
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Figure 1: Architecture overview of TempRetriever compared to other approaches. (a) Vanilla DPR processes only textual
content. (b-c) DateAsTag and DateAsToken incorporate temporal information as special tokens or plain text, respectively. (d)
TempRetriever explicitly fuses semantic and temporal embeddings through learned fusion techniques. The temporal encoder
E; transforms timestamps into dense representations that are combined with BERT embeddings via fusion functions.

Element-Wise Interaction (EWI): Performs element-wise multipli-
cation to capture feature interactions:

©

Fusepyi(s,e;) =sOe; € R%

This technique models multiplicative interactions between semantic
and temporal features, allowing temporal information to modulate
semantic representations.

The final query and passage representations are:

(10)
(11)

Qfinal = Fuse(EBgrr(q), Et (tq))
Pfinal = Fuse(Eperr (p), E¢ (tp))

Training Objective. We train TempRetriever using a contrastive
learning objective that encourages temporally and semantically rel-
evant passages to have higher similarity scores than irrelevant
ones. For each training instance consisting of a query g; with times-
tamp tq;, a positive passage p;r with timestamp ¢ 5 and n negative

passages {pi_,j’ tr; };.’:1, the loss is:

exp(q}—inal p}inal /7)

exp(q}rinalp}inal/r) + Z}Ll eXp(q}rinalP]T,final/T)

(12)
where 7 is a temperature parameter. This objective enables the
model to learn temporal-semantic representations that distinguish
between temporally aligned and misaligned documents.

L=-log

3.3 Handling Implicit Temporal Questions

While TempRetriever primarily targets explicit temporal questions
containing direct date references, many real-world queries have
implicit temporal intent that must be inferred. To address this chal-
lenge, we extend our framework with a query date prediction com-
ponent.

Query Date Prediction Model. We develop a BERT-based
classification model to predict the most likely temporal context
for implicit queries. The model is trained on the Event Sentence
dataset [42], which contains 22,399 short event descriptions anno-
tated with corresponding years spanning 1987 to 2007.

The architecture consists of a BERT encoder followed by a clas-
sification head:

(13)
(14)

hquery = BERT(Q)[CLS]
Pyear = SoftmaX(Wclshquery +beis)

where W, € R1X78 projects to 21 year classes (1987-2007). The
predicted year fq = arg max(Pyeqr) is then used as the temporal
context for TempRetriever.

Integration with TempRetriever. For implicit temporal queries,
we apply a two-stage process: first, the query date prediction model
estimates the temporal context fq; second, TempRetriever uses this
predicted timestamp along with the query text for temporal-aware
retrieval. This enables unified handling of both explicit and implicit
temporal queries within the same framework.
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3.4 Time-based Negative Sampling

Effective negative sampling is crucial for training high-quality
dense retrievers [19, 15]. For temporal retrieval, we propose a time-
based negative sampling strategy that explicitly considers temporal
characteristics when selecting training examples.

Sampling Strategies. We experiment with three negative sam-
pling approaches:

e Random Negative: Randomly select passages that do not con-
tain the correct answer, representing the standard approach
used in most dense retrieval systems.

o Same-Year Negative: Randomly select negative passages from
the same year as the positive passage’s timestamp. This strat-
egy helps the model learn to distinguish between documents
that are temporally aligned but semantically irrelevant.

o Different-Year Negative: Select negative passages from years
different from the positive passage’s year. This approach
helps the model learn temporal discrimination by contrasting
temporally misaligned documents.

Table 1: Statistics of ArchivalQA, ChroniclingAmericaQA,
and NobelPrize datasets. Note: NobelPrize is used only for
zero-shot evaluation (no training/validation splits).

Dataset Type Train  Val Test  Time Range
ArchivalQA Explicit 62,157 7,841 7,783 1987-2007
ArchivalQA Implicit 5,000 1,000 1,000 1987-2007
ChroniclingAmericaQA  Explicit 22,918 1,232 1,268 1800-1920
NobelPrize Explicit - - 3,224 1902-2022

4 Experimental Setup

We conduct comprehensive experiments to evaluate TempRetriever
across multiple temporal question answering datasets, comparing
against both traditional dense retrieval methods and state-of-the-art
temporal retrieval systems. This section details our experimental
design, datasets, implementation choices, and evaluation method-

ology.

4.1 Datasets and Preprocessing

We evaluate our approach on three temporal question answering
datasets that span different domains, time periods, and temporal
reasoning challenges. Table 1 provides a comprehensive overview
of dataset statistics and splits.

ArchivalQA [44] is a benchmark dataset designed for open-
domain question answering over historical news collections. The
dataset comprises question-answer pairs derived from news arti-
cles published between 1987 and 2007 from the New York Times
Annotated Corpus (NYT corpus) [34].

ChroniclingAmericaQA [30] focuses on question-answering
over American historical newspaper collections spanning 1800 to
1920. This dataset provides a longer historical perspective and dif-
ferent linguistic characteristics compared to modern news articles.

NobelPrize [47] serves as our zero-shot evaluation benchmark,
comprising 3,224 queries and 989 documents constructed from struc-
tured sources like the Nobel Prize dataset from Kaggle. Spanning
from 1902 to 2022, this dataset tests the generalisation capabilities of
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models trained on other temporal datasets without domain-specific
fine-tuning.

Corpus Preprocessing. For ArchivalQA, we follow the stan-
dard preprocessing approach used in DPR [2, 19]. Each NYT arti-
cle is segmented into disjoint text blocks of 100 words, with each
block serving as an independent passage for retrieval. This process
yields 19,851,114 passages across the entire corpus. Each passage
is prepended with the article’s title and separated by a [SEP] to-
ken to provide additional context. ChroniclingAmericaQA uses
a different structure where the corpus is already organized into
passages of approximately 250 words each, totaling 151,485 pas-
sages. These passages represent coherent segments of historical
newspaper content and do not require further segmentation. For
NobelPrize, we use the passages as provided in the original dataset
without additional preprocessing, maintaining consistency with
prior work for fair comparison.

4.2 Baseline and State-of-the-Art Methods

We compare TempRetriever against comprehensive baselines repre-
senting different approaches to temporal information integration:
Traditional Dense Retrieval Baselines:

e Vanilla DPR [19] serves as our primary baseline, using stan-
dard BERT-base encoders with in-batch negative sampling
for semantic-only retrieval.

e DateAsTag (DateAsTag) incorporates temporal information
through special tokens, marking dates as [S-DATE] date
[E-DATE] for both queries and passages.

e DateAsToken (DateAsToken) appends timestamps as plain
text (query [SEP] date), testing whether BERT can capture
temporal relationships through natural language understand-
ing.

State-of-the-Art Temporal Retrieval Methods:

o BiTimeBERT [45]: A temporal language model that integrates
document timestamps and temporal references through spe-
cialized pre-training tasks.

TS-Retriever [47]: A time-sensitive retrieval framework that
employs supervised contrastive learning with temporal con-
straints.

Contriever [15]: A state-of-the-art unsupervised dense re-
trieval model trained with contrastive learning objectives.
TAS-B [14]: An efficient neural retrieval model that balances
performance and computational cost.

JinaAl Embeddings [13]: A recent embedding model (jina-
embeddings-v2-base-en) designed for semantic search appli-
cations.

OpenAl Embeddings [25]: The text-embedding-ada-002 model
representing commercial state-of-the-art embedding sys-
tems.

4.3 Implementation Details

Model Architecture and Parameters. All methods use BERT-
base-uncased as the foundation encoder, ensuring fair comparison
across approaches. For TempRetriever, we implement the tempo-
ral encoder E; as described in Section 3.2. The final embedding
dimension varies by fusion technique: 1, 536 for Feature Stacking
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Table 2: R@{1,5,10,20,50,100} retrieval accuracy for ArchivalQA and ChroniclingAmericaQA datasets, evaluated on both valida-
tion and test sets. The results measure the percentage of top retrieved passages that contain the correct answer across different
temporal retrieval models, including the baseline VanillaDPR, DateAsTag, DateAsToken, and TempRetriever approaches.

Test Results

Dataset Method ‘ Validation Results
[ Re@1 R@5 R@10 R@20 R@50 R@100 | R@1 R@5 R@10 R@20 R@50 R@100
VanillaDPR 63.094076 82.421029 87.47:1011 90.97:015 94.401021 96.141003 | 62.981055 82.50+033 87.17:045 90.974027 94.641023 96.1510.16
ArchivalQA DateAsTag 57.944071 78.781061 84.28:1041 88.48:045 92.43:026 94.6410.13 | 58371070 78.431084 83.93:045 88.21s041 92.771025 94.9310.10
DateAsToken 63.512032 83.41:028 88.52:0.08 91.97:+008 94.92+0.05 96.52:0.02 | 63445020 83.231005 88.35:0.10 91721003 94.941023 96.72+0.08
TempRetriever rs | 69.724034 87.824032 91.384009 94.214006 96.445012 97.774003 | 69.84+086 87.78+046 91.65:036 94.28:035 96.78+023 97.75:0.13
VanillaDPR 44.971024 61143016 67.86:016 73.32:021 79123010 83.53:0.15 | 45.7050.46 60471005 67.4050.14 72.20:1018 78.69:0.13 82.26:0.09
ChroniclingAmericaQA DateAsTag 45.0040.17 61.481031 67.621019 72.97+0.07 79.141018 82.99:0.18 | 45752048 60.77+0.49 66.77+022 72.444032 78.7240.18 81.8910.21
DateAsToken 44.815004 61.284028 67.621016 73.601013 79.12+0.25 83.1740.07 | 45.8120.00 60.79+019 66.58+0.20 72.0940.15 78.82+0.07 82.1010.22
TempRetriever rg | 50.224019 64.885023 71164030 77.904021 83.05:011 86.22.4029 | 50.100.10 66.01:0.17 71.85:030 77.19:0.11 82.81:025 86.52+0.10

Table 3: nDCG@ 10 and MAP @10 results on ArchivalQA and
ChroniclingAmericaQA datasets across validation and test
sets. These ranking quality metrics demonstrate that Tem-
pRetriever not only improves recall but also enhances the
overall ranking of relevant passages.

Table 4: Recall-{1,20,50,100} retrieval accuracy comparing
TempRetriever variants against state-of-the-art temporal re-
trieval models on ArchivalQA and ChroniclingAmericaQA
datasets. Results are evaluated on both validation and test
sets.

nDCG@10 | MAP@10
Dataset Method Val Test Val Test
VanillaDPR 6125 61.25 | 57.02 57.12
. DateAsTag 5471 5547 | 5038 51.23
ArchivalQA DateAsToken 60.71 6076 | 5630  56.44
TempRetriever g | 67.76 68.02 | 63.64 63.81
VanillaDPR 4835 48.87 | 4544  46.29
. . DateAsTag 48.24  48.41 | 4551 45.98
ChroniclingAmericaQA | )\ ) Token 4835 48.87 | 4544  46.29
TempRetriever g | 53.03 52.85 | 50.29 50.09

(concatenation of 768-dim semantic and 768-dim temporal embed-
dings) and 768 for other fusion techniques (VS, RE, EWI).

It is important to clarify the role of the validation and
test sets in our evaluation methodology. The validation set
is not used for hyperparameter tuning or model selection in our
experiments. Instead, both the validation and test sets serve as in-
dependent evaluation partitions to assess model performance. This
dual evaluation approach provides a more comprehensive assess-
ment of model robustness and consistency across different data
splits. All baseline models (VanillaDPR, DateAsTag, DateAsToken)
and comparison methods (BiTimeBERT, TS-Retriever) were trained
using identical experimental settings and procedures as TempRe-
triever. Specifically, all models were fine-tuned on the same training
splits of ArchivalQA and ChroniclingAmericaQA datasets using
the same hyperparameters.

Hardware and Software Environment. All experiments are
conducted on NVIDIA A100 GPUs with 40GB memory. We use
PyTorch 1.12 with Transformers library version 4.20 for model
implementation. Training times range from 6-8 hours for Chroni-
clingAmericaQA to 24-30 hours for ArchivalQA, depending on a
dataset size.

5 Results

We present here comprehensive results demonstrating the effective-
ness of TempRetriever across multiple temporal retrieval scenarios.

10

Validation Test

Model ‘

Dataset [R@1 R@20 R@50 R@100|R@1 R@20 R@50 R@100
BiTimeBert 3574 6694 7490 7831 |3852 6550 7269 76.95
TS-Retriever 4785 73.60 7953 8343 |46.65 7427 7877 8256
VanillaDPR 4497 7332 79.12 83.53 |45.70 72.20 78.69 82.26
ChroniclingAmericaQA |TempRetriever vs |49.23 7514 8180 8538 4972 7672 8145 8477

48.90
47.44
50.22

75.55
74.82
77.90

81.48
80.18
83.05

84.40
84.48
86.22

47.28
46.57
50.10

75.85
75.22
77.19

82.24
80.66
82.81

85.56
84.06
86.52

TempRetriever gg
TempRetriever gy
TempRetriever pg

BiTimeBert
TS-Retriever
VanillaDPR
TempRetriever yvs
TempRetriever rg
TempRetriever gy
TempRetriever fs

61.71
63.44
63.09
68.42
66.76
69.97
69.72

89.99
92.53
90.97
93.30
94.02
93.34
94.21

93.88
95.88
94.40
95.97
96.40
95.71
96.44

95.52
97.33
96.14
97.30
97.46
97.08
97.77

60.22
64.68
62.98
67.96
66.11
69.27
69.84

90.48
92.92
90.97
93.55
94.32
93.05
94.28

94.09
95.76
94.64
96.24
96.83
95.85
96.78

95.62
97.29
96.15
97.55
97.88
97.16
97.75

ArchivalQA

Our evaluation covers explicit temporal questions, zero-shot gener-
alization, implicit temporal query handling, and integration with
retrieval-augmented generation systems.

5.1 Explicit Temporal Questions Results

Table 2 presents the main results comparing TempRetriever against
baseline methods on ArchivalQA and ChroniclingAmericaQA datasets.
TempRetriever consistently outperforms all baseline approaches
across different recall metrics, demonstrating the effectiveness of
explicit temporal-semantic fusion.

On ArchivalQA, TempRetriever g achieves substantial improve-
ments over the Vanilla DPR baseline: 6.86% improvement in Re-
call@1 (69.84% vs 62.98%) and 1.60% improvement in Recall@100
(97.75% vs 96.15%) on the test set. For ChroniclingAmericaQA,
the improvements are even more pronounced: TempRetriever rg
achieves 4.40% improvement in Recall@1 (50.10% vs 45.70%) and
4.26% improvement in Recall@100 (86.52% vs 82.26%) compared to
Vanilla DPR. Notably, DateAsTag underperforms other methods,
particularly on ArchivalQA where it achieves only 58.37% Recall@1
compared to Vanilla DPR’s 62.98%. This suggests that simply mark-
ing temporal information with special tokens is insufficient and
may actually interfere with semantic understanding. DateAsTo-
ken performs comparably to Vanilla DPR, indicating that treating
timestamps as natural language provides minimal benefit without
explicit temporal modeling.
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Table 5: Zero-shot evaluation results on NobelPrize dataset. Models trained only on ArchivalQA are evaluated on Nobel
Prize queries without domain-specific training. TempRetriever variants demonstrate strong generalization capabilities across

different temporal domains.

Model | R@1 R@5 R@10 R@20 R@50 R@100 | P@1 P@5 P@10 P@20 P@50 P@100
Contriever 472 1689 2814 4378  68.40 8517 | 17.69 13.14 1112 890  5.50 3.43
TAS-B 262 1017 1840  31.02 5518 7556 | 9.49  7.27 656 556  4.03 2.85
JinaAI 1277 3558  50.10 6597  84.15 9446 | 3847 2468 1819 1238  6.57 3.77
OpenAl 9.50 29.56 4093 5533  77.57 92.84 | 29.93 1975 1521 1060  6.23 3.52
TsContriever 19.92 5270  69.13 8152 9154 9457 | 58.63 3649 2534 1572 730 3.81
TempRetriever s | 21.62 58.29 7335 8441 93.58  96.97 | 63.26 40.24  27.09 1627  7.43 3.89
TempRetriever gg | 17.27 47.77  63.62 7845  91.14 96.08 | 52.96 33.61 2336 1497  7.20 3.84
TempRetriever gy | 22.55 60.59 76.11  86.37  93.49 9579 | 66.68 42.39 2834 1674  7.45 3.85
TempRetriever ys | 1696 49.52 6536  78.61  90.88 9537 | 5413 3507 2421 1516  7.20 3.82
Table 6: Performance comparison on implicit temporal ques- 100
tions from ArchivalQA dataset. Results include nDCG@ 10 %
and Recall metrics for validation and test sets, demonstrating 80
TempRetriever’s effectiveness even when temporal context "
must be inferred. o
4
o 60
w
‘ o) ‘ R@k (valid ) 4 s % ~~Vanilla DPR
n 10 alidation,
/ =-Date Ta;
Dataset Method [ Val Test | R@10 R@50 R@100 wll e
VanillaDPR 3914 3542 | 73.60 8550  89.50 / ~BilimeBERT
BiTimeBERT 2466 21.05 | 59.80 7550 8180 3°25/9 ~TompRetriover_FS
DateAsTag 37.11 3682 | 7190 8430  88.10 2
. DateAsToken 38.68 38.56 | 72.90 85.10 89.00 15 10 20 50 100
ArchivalQA | R triever 75 | 4058 4089 | 7410 8650  90.20 RECALL@K
TempRetriever v 4140 40.72 | 7470  86.40 90.10
TempRetriever gy | 39.10 37.12 | 72.40 84.80 88.50

Table 3 presents ranking quality metrics that complement the
recall-based evaluation. TempRetriever g consistently achieves the
highest nDCG@10 and MAP@10 scores across both datasets, con-
firming that temporal-semantic fusion improves not just retrieval
coverage but also ranking quality. On ArchivalQA, TempRetriever
achieves 68.02% nDCG@10 compared to 61.25% for Vanilla DPR,
representing a 6.77% improvement in ranking quality. For Chron-
iclingAmericaQA, the improvement is 52.85% vs 48.87%, a 3.98%
gain.

5.2 Comparison with State-of-the-Art Methods

Table 4 compares TempRetriever against state-of-the-art tempo-
ral retrieval methods, including BiTimeBERT and TS-Retriever,
demonstrating the superiority of our fusion-based approach. Tem-
pRetriever variants consistently outperform both BiTimeBERT and
TS-Retriever across all metrics. On ChroniclingAmericaQA, Tem-
pRetriever pg achieves 50.10% Recall@1 compared to BiTimeBERT’s
38.52% and TS-Retriever’s 46.65%, representing improvements of
11.58% and 3.45%, respectively. For ArchivalQA, TempRetriever
Fs reaches 69.84% Recall@1, outperforming BiTimeBERT (60.22%)
by 9.62% and TS-Retriever (64.68%) by 5.16%. The superior per-
formance against BiTimeBERT is particularly noteworthy given
that BiTimeBERT requires extensive temporal pre-training, while
TempRetriever achieves better results through lightweight fusion
techniques applied to standard BERT models.

1

Figure 2: Recall performance comparison for implicit tem-
poral questions on ArchivalQA dataset.

5.3 Zero-Shot Evaluation on NobelPrize Dataset

Table 5 presents zero-shot evaluation results on the NobelPrize
dataset, where models trained exclusively on ArchivalQA are eval-
uated without any domain-specific fine-tuning. TempRetriever
demonstrates remarkable zero-shot generalization capabilities. Tem-
pRetriever gy achieves the highest Recall@1 (22.55%) and Pre-
cision@1 (66.68%), significantly outperforming the previous best
method TsContriever (19.92% Recall@1, 58.63% Precision@1). Tem-
pRetriever rs achieves the highest Recall@100 (96.97%), demon-
strating strong performance across different retrieval depths. The
strong zero-shot performance is particularly impressive given that
the NobelPrize dataset spans a much longer time period (1902-2022)
than the training data (1987-2007) and involves structured factual
content rather than news articles. This demonstrates that the tem-
poral reasoning capabilities learned by TempRetriever generalize
effectively across different domains and temporal ranges.

5.4 Implicit Temporal Question Results

For implicit temporal questions that lack explicit date references,
we evaluate the complete pipeline, including query date prediction
followed by temporal-aware retrieval. Table 6 and Figure 2 present
results on the ArchivalQA implicit question subset.

Even for implicit temporal questions where temporal context
must be predicted, TempRetriever variants outperform baseline
methods. TempRetriever y g achieves the highest nDCG@10 (41.40%)
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Table 7: Comparative case study showing TempRetriever vs Vanilla DPR performance on NobelPrize queries. [C] indicates
correct retrieval, [X] indicates incorrect retrieval. Examples demonstrate how temporal alignment helps retrieve appropriate

documents while highlighting remaining challenges.

Query

‘ TempRetriever Top-1 Result

‘ Vanilla DPR Top-1 Result

Who was the winner of the Nobel Prize in
Medicine | 2022 |?
holm, Sweden...

[C] Correct: Svante Pdabo. The Nobel Prize
in Medicine [2022 . Born: 20, Apr, 1955, Stock-

[X] Incorrect: David Julius. The Nobel Prize
in Medicine - Born: 4, Nov, 1955, New
York, USA...

Who was the winner of the Nobel Prize in
Chemistry [1993|?
Lenoir NC, USA...

[C] Correct: Kary B. Mullis. The Nobel Prize
in Chemistry [1993|. Born: 28, Dec, 1944,

[X] Incorrect: Linus Pauling. Nobel Prize in
Chemistry . Born: 28, Feb, 1901, Port-
land, Oregon, USA...

Table 8: Zero-shot Temporal QA results in RAG setting us-
ing top-1 retrieved passages. Exact Match (EM), Recall, and
Contain metrics evaluate answer generation quality across
different language models on ChroniclingAmericaQA and
ArchivalQA datasets.

Test
ChroniclingAmericaQA
EM  Recall Con

Validation
ChroniclingAmericaQA
EM  Recall Con

ArchivalQA
EM Recall Con

ArchivalQA
EM  Recall Con

‘ Retriever

3578
33.31
35.86
36.60

36.57
34.27
36.77
37.51

38.23
35.28
38.28
39.25

57.16
53.52
56.84
57.91

4471
41.62
4431
45.32

VanillabDPR
DateAsTag
DateAsToken
TempRetriever

14.13
13.64
14.21
15.10

25.66
25.38
2571
27.16

16.97
17.14
17.38
18.92

38.10
35.56
38.12
38.32

57.49
53.58
57.49
58.30

55.48
5221
56.06
57.38

44.13
40.63
44.20
44.67

15.78
15.70
15.54
16.54

26.68
26.73
26.85
27.29

18.23
18.31
18.15
19.07

Gemma-2-2B

55.40
51.54
55.24
56.43

43.00
39.68
4259
43.56

44.59
41.20
44.31
45.14

38.79
36.66
39.07
39.94

4249
39.71
4277
43.71

15.78
15.07
17.04
17.73

24.85
2472
2636
27.48

15.86
16.65
17.99
18.91

VanillaDPR
DateAsTag
DateAsToken
TempRetriever

VanillaDPR
DateAsTag
DateAsToken
TempRetriever

14.37
13.24
14.05
14.45

14.86
16.08
16.57
16.90

24.65
23.50
2433
25.98

15.75
16.57
16.08
18.03

Llama-2-7B

57.17
53.08
57.00
58.14

40.87
37.25
40.97
41.92

57.56
53.16
57.57
58.52

44.52
40.68
44.43
45.21

17.28
16.17
17.99
18.36

27.15
26.76
29.19
30.74

18.31
18.07
19.88
20.78

26.01
26.43
27.33
28.52

17.30
18.27
18.03
19.65

Llama-3-8B

and Recall@10 (74.70%) on the validation set, compared to Vanilla
DPR’s 39.14% nDCG@10 and 73.60% Recall@10.

The relatively smaller improvements compared to explicit tempo-
ral questions are expected, as the query date prediction model can
make mistakes. Our query date prediction model achieves a Mean
Absolute Error (MAE) of 3.51 years with 20% exact year accuracy,
which limits the temporal precision available for retrieval. Despite
this challenge, TempRetriever still demonstrates meaningful im-
provements, suggesting that even approximate temporal context
enhances retrieval performance.

5.5 RAG Integration Results

We next integrate TempRetriever into Retrieval-Augmented Gener-
ation (RAG) pipelines to evaluate its impact on end-to-end question
answering performance. Table 8 presents results using different lan-
guage models for answer generation. TempRetriever consistently
improves answer generation quality across all language models
and datasets. With Llama-3-8B, TempRetriever achieves 16.90%
Exact Match on ChroniclingAmericaQA validation set compared
to 14.86% for Vanilla DPR, representing a 2.04% improvement. On
ArchivalQA, the improvement is from 40.87% to 41.92% (1.05% gain).

5.6 Case Study and Error Analysis

Tab. 7 provides a qualitative comparison between TempRetriever
and vanilla DPR on Nobel Prize queries. When the query explic-
itly specifies a year (e.g., the 2022 Nobel Prize in Medicine or the
1993 Nobel Prize in Chemistry), TempRetriever correctly retrieves
the temporally aligned laureate (Svante Péabo and Kary B. Mullis,
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Table 9: Negative sampling strategies across ArchivalQA and
ChroniclingAmericaQA datasets. Results show nDCG@{5,10}
and MAP@{5,10} on test sets for different numbers of nega-
tive documents and sampling strategies.

Dataset Strategy # Neg nDCG MAP
Docs | @5 @10 | @5 @10
Random 4 | 6034 6220 | 57.50 5826
SameYear | 4 | 6312 6515 | 60.03  60.88
. Diff. Year 4 6278 64.88 | 59.61  60.49
ArchivalQA Random 5 6149 6353 | 5841 59.25
SameYear | 5 | 6479 6671 | 61.75 62.55
Diff. Year 5 6444 6638 | 6151 6231
Random 1 5144 5282 | 4950  50.09
Same Year | 4 | 5169 52.84 | 4948  49.95
- ) Diff. Year 4 | 5352 5510 | 5172 5237
ChroniclingAmericaQA | p_ g0, 5 5138 5313 | 49.66  50.40
Same Year | 5 5175 5311 | 49.99  50.56
Diff. Year 5 | 5430 5548 | 5232 52.80

respectively), whereas vanilla DPR often returns a prominent but
temporally mismatched candidate (e.g., David Julius for 2021 or
Linus Pauling for 1954). These examples illustrate how temporal
alignment helps resolve otherwise plausible but temporally incor-
rect retrievals by explicitly modeling temporal information.

6 Additional Studies

We conduct additional studies to analyze the contribution of in-
dividual components in TempRetriever and validate our design
choices.

6.1 Negative Sampling Strategy Analysis

We evaluate three negative sampling strategies to understand how
temporal characteristics of training examples affect model perfor-
mance. Table 9 reveals dataset-specific preferences for negative
sampling strategies. For ArchivalQA, the Same-Year strategy per-
forms best, achieving 66.71% nDCG@10 with 5 negative documents
compared to 63.53% for Random sampling. This suggests that news
retrieval benefits from learning to distinguish between documents
from the same time period but with different semantic content.
Conversely, ChroniclingAmericaQA achieves optimal performance
with the Different-Year strategy (55.48% nDCG@10), indicating that
historical newspaper retrieval benefits more from learning tem-
poral discrimination across different time periods. This difference
reflects the distinct temporal reasoning requirements of modern
news versus historical documents. Figure 3 shows that performance
consistently improves as negative examples increase from 4 to 10,
with diminishing returns beyond 8 negatives. This suggests that
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more temporal contrastive examples help the model learn better
temporal discrimination, though computational efficiency limits
practical negative sampling to 8-10 examples.

Recall Metric

87.54

85.0 1

82.5 1

80.0

77.54

—e— TestRecall 20
Test Recall 100

4 5 6 7 8 9 10
Number of Negative Documents

Figure 3: Impact of negative sample quantity on retrieval per-
formance for ChroniclingAmericaQA dataset using Different-
Year sampling strategy. Performance generally improves
with more negative examples, plateauing around 8-10 nega-
tives.

6.2 Modular Enhancement of Existing
Temporal Methods

A key advantage of TempRetriever is its modularity—our fusion
techniques can enhance existing temporal retrieval methods. Ta-
ble 10 demonstrates how TempRetriever fusion improves BiTime-
BERT and TS-Retriever performance. TempRetriever fusion im-
proves BiTimeBERT performance across both datasets. On Chron-
iclingAmericaQA, Feature Stacking with BiTimeBERT achieves
41.75% Recall@1 compared to 38.52% for standalone BiTimeBERT—a
3.23% improvement. The improvements with TS-Retriever are even
more substantial. On ChroniclingAmericaQA, TS-Retriever + Tem-
pRetriever g achieves 53.20% Recall@1 versus 46.65% for stan-
dalone TS-Retriever—a 6.55% improvement. For ArchivalQA, the
combination reaches 70.37% Recall@1 compared to 64.68% for TS-
Retriever alone (5.69% improvement).

6.3 Computational Overhead Analysis

We conclude experiments by the computational cost analysis of
TempRetriever compared to baseline methods across different fu-
sion techniques as shown in Tab. 11: TempRetriever variants impose
minimal computational overhead compared to existing temporal
methods. Feature Stacking has the highest overhead (1.34x training
time, 2.0x memory) due to doubled embedding dimensions, while
Vector Summation and Element-Wise Interaction add only 12-15%
training overhead with no memory increase. All TempRetriever
variants are significantly more efficient than BiTimeBERT (3.2x
training overhead) and TS-Retriever (2.1x training overhead).
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Table 10: Enhanced performance of existing temporal
methods (BiTimeBERT and TS-Retriever) when combined
with TempRetriever fusion techniques. Results show
R@{1,20,50,100} on ChroniclingAmericaQA and ArchivalQA
test sets.

Dataset [Model [R@1 R@20 R@50 R@100
BiTimeBERT 38.52 6559 7269 76.95
+ TempRetriever ys |38.67 70.80 77.27 82.79
+ TempRetriever gyr|40.15 70.51 77.37  82.56
o 1s . + TempRetriever ps |41.75 70.56 78.69 81.77
ChroniclingAmericaQA i7q b oiricver 1665 7427 7877 8256
+ TempRetriever yg |50.99 77.43 82.08 84.93
+ TempRetriever gg | 52.80 77.17 82.70 87.00
+ TempRetriever s |53.20 77.43 82.00 86.03
BiTimeBERT 60.22 90.48 94.09 95.62
+ TempRetrieverys |63.88 91.96 95.00 96.49
+ TempRetrievergyy | 60.52 90.76 94.30  95.90
. + TempRetrieverps |65.66 92.55 95.49 96.81

ArchivalQA -

rehivalQ TS-Retriever 64.68 9292 9576 97.29
+ TempRetriever ys |69.88 9531 97.62  98.50
+ TempRetriever gyy7|70.96 94.94 97.08 98.18
+ TempRetriever ps | 70.37 95.41 97.52 98.45

Table 11: Computational overhead analysis showing training
time, inference speed, and memory usage on ArchivalQA test
dataset.

Method Training|Inference| Memory R@1
Time (x)|Speed (x) [Usage (x)|Performance
Vanilla DPR 1.0x 1.0 1.0 62.98
TempRetriever yg 1.12x 1.05x 1.0x 67.96
TempRetriever gyy| 1.15% 1.08x 1.0x 69.27
TempRetriever pg 1.34x 1.25% 2.0% 69.84
BiTimeBERT 3.2% 1.8x 1.5% 60.22
TS-Retriever 2.1x 1.4x% 1.2% 64.68

7 Conclusion

We introduced TempRetriever, a lightweight framework that explic-
itly incorporates temporal information into dense passage retrieval
through fusion techniques. Unlike existing approaches requiring
extensive architectural modifications or specialized pre-training,
TempRetriever enhances standard dense retrievers by combining
semantic embeddings with temporal representations using four
fusion strategies. Our comprehensive evaluation on three tempo-
ral QA datasets demonstrates substantial improvements: 6.86% on
ArchivalQA and 4.40% on ChroniclingAmericaQA for Recall@1,
while outperforming state-of-the-art temporal methods like BiTime-
BERT and TS-Retriever. The modularity of our approach enables
enhancement of existing temporal retrieval systems, improving
the performance of BiTimeBERT by 5.12% and of TS-Retriever by
6.17%. Strong zero-shot generalization on NobelPrize dataset and
consistent improvements in RAG pipelines demonstrate practical
value for real-world temporal information retrieval applications.
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