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Abstract. Differentiable Search Index (DSI) utilizes pre-trained lan-
guage models to perform indexing and document retrieval via end-to-end
learning without relying on external indexes. However, DSI requires full
re-training to index new documents, causing significant computational
inefficiencies. Continual learning (CL) offers a solution by enabling the
model to incrementally update without full re-training. Existing CL so-
lutions in document retrieval rely on memory buffers or generative mod-
els for rehearsal, which is infeasible when accessing previous training
data is restricted due to privacy concerns. To this end, we introduce
PromptDSI, a prompt-based, rehearsal-free continual learning approach
for document retrieval. PromptDSI follows the Prompt-based Continual
Learning (PCL) framework, using learnable prompts to efficiently index
new documents without accessing previous documents or queries. To im-
prove retrieval latency, we remove the initial forward pass of PCL, which
otherwise greatly increases training and inference time, with a negligible
trade-off in performance. Additionally, we introduce a novel topic-aware
prompt pool that employs neural topic embeddings as fixed keys, elimi-
nating the instability of prompt key optimization while maintaining com-
petitive performance with existing PCL prompt pools. In a challenging
rehearsal-free continual learning setup, we demonstrate that PromptDSI
variants outperform rehearsal-based baselines, match the strong cache-
based baseline in mitigating forgetting, and significantly improving re-
trieval performance on new corpora’.
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1 Introduction

Differentiable Search Index (DSI) [33] leverages a Transformer model [34] to
encode corpus information directly into the model parameters through end-to-
end optimization. This end-to-end retrieval paradigm eliminates the need to
construct traditional inverted indices or vector databases used in sparse [29)
or dense retrieval [12]. However, in real-world scenarios where new documents

3 Code is available at: https://github.com/LouisD0o2108 /PromptDSI.
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are continually added, re-training DSI from scratch for each update is com-
putationally prohibitive, necessitating continual learning (CL) methods [22, §].
This challenging setting is known as dynamic corpora [23], or lifelong informa-
tion retrieval [9]. DSI++ [23] employs generative replay, while IncDSI [15] uses
constrained optimization in an instance-wise continual learning setup. However,
DSI++ requires an additional query generation model, leading to substantial
computational overhead during training and introducing the challenge of main-
taining this model for continual indexing. Meanwhile, IncDSI relies on caching
queries for all previously indexed documents, resulting in high memory demands
and potential data privacy concerns [6].

Rehearsal-free prompt-based continual learning (PCL) methods [40, 39, 37,
30, 35] offer a promising approach to alleviate the need to access previous docu-
ments or queries. These methods have shown competitive performance compared
to rehearsal-based techniques in class-continual learning settings within the vi-
sion domain [35]. However, adapting PCL methods to document retrieval remains
unexplored due to the extreme classification problem caused by the instance-wise
nature, in which each document is a unique class and there are usually at least
100k documents. Moreover, existing PCL methods require two forward passes
through the Transformer model, which is not suitable for retrieval systems with
low latency requirements.

In this work, we propose PromptDSI, a prompt-based rehearsal-free continual
learning DSI for document retrieval. PromptDSI uses learnable prompts to index
new documents while keeping the the DSI backbone frozen, while not accessing
previous documents or queries. To overcome the inefficiencies of PCL methods
and tailor them for retrieval, we introduce several model-agnostic modifications.
We eliminate the inefficient initial forward pass in PCL methods by using inter-
mediate layer representations instead of the pre-trained language model’s final
layer [CLS] token for query-key matching. This reduces computational overhead
with a minimal performance trade-off. Furthermore, due to the lack of distinct
semantics across new corpora, PromptDSI often collapses to using a limited set
of prompts, leading to underutilized parameters. Inspired by neural topic mod-
eling [11,9], we propose using neural topic embeddings mined from the initial
corpus as fixed keys in the prompt pool of PCL methods. This strategy elim-
inates the training instability of prompt keys and improves the interpretabil-
ity of prompt selection. Finally, while existing PCL methods follow multi-layer
prompting [39, 30, 35], it is unclear if this is optimal for document retrieval. To
explore the stability-plasticity trade-off, we conduct a comprehensive layer-wise
prompting study to identify the most effective prompting layers. Overall, our
work makes the following contributions:

— We introduce PromptDSI, the first PCL method for classification-based,
end-to-end document retrieval.

— We propose two novel approaches to adapt existing PCL methods to doc-
ument retrieval: (i) an efficient single-pass PCL approach for low-latency
retrieval and (ii) using neural topic embeddings as fixed prompt keys to
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stabilize query-key matching in PCL’s prompt pool, addressing prompt un-
derutilization and enhancing interpretability.

— We conduct a thorough analysis which verifies that single-layer prompting
is sufficient for optimal performance when adapting existing PCL methods
to continual learning for document retrieval.

— Experimental results on the NQ320k and MSMARCO 300k datasets under
the challenging rehearsal-free setup show that PromptDSI performs on par
with IncDSI, a strong baseline that requires caching previous training data.

2 Related Work

2.1 End-to-end Retrieval

End-to-end retrieval is an emerging paradigm that aims to replace the conven-
tional “retrieve-then-rank” pipeline [29, 12] with a single Transformer model [34],
pioneered by Differentiable Search Index (DSI) [33]. By integrating corpus infor-
mation into the model parameters, DSI eliminates specialized search procedures,
and enables end-to-end optimization. DSI can be divided into two subcategories:
classification-based [15] and generative retrieval [23,4], with the former being
more resilient to catastrophic forgetting during continual indexing [23]|. There-
fore, we focus on the classification-based DSI approach in this work. Improving
document identifier representation remains the main research focus of the com-
munity [45, 46], while the challenging continual learning (CL) setting is receiving
increasing attention [23, 15, 4]. However, existing solutions either rely on caching
previous queries or a generative model for rehearsal. PromptDSI builds upon
IncDSI [15], which handles CL by caching all previous queries, and pushes DSI
towards rehearsal-free CL.

2.2 Continual Learning (CL)

Addressing catastrophic forgetting in continual learning (CL) has been an active
research area [36]. Two popular approaches are regularization-based methods,
which constrain model updates via regularization terms or knowledge distilla-
tion [14, 20], and replay-based methods, which use memory buffers or generative
models for rehearsal [3,2]. These approaches dominate lifelong information re-
trieval studies [23,4]. Recently, Prompt-based Continual Learning (PCL) has
emerged as a solution for scenarios where historical data access is restricted due
to privacy regulations [6]. Various studies [40, 39, 30, 37] have explored the use of
prompts to guide frozen pre-trained models in learning new tasks without mem-
ory buffers. Concurrent to our work, [13]| introduces one-stage prompt-based
continual learning; however, their method is applied only to CODA-Prompt [30]
and evaluated exclusively in the vision domain. In contrast, PromptDSI adapts
vision-domain PCL methods to a more challenging instance-wise continual learn-
ing setting, where each document is a unique class, with at least 100k documents.
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We propose a model-agnostic modification: efficient single-pass PCL, and val-
idate its performance across three popular PCL methods. Additionally, we in-
troduce fixed neural topic embeddings as prompt keys to mitigate prompt pool
underutilization observed in certain PCL methods and to enhance explainability.

3 Background

3.1 Differentiable Search Index (DSI)

Indexing Stage. A Transformer model [34] fo parameterized by © is trained to
learn a mapping function from a document d € D to its document identifier
(docid) id € T during the indexing stage: fo: D — Z. Document representa-
tion and docid representation are two crucial aspects of DSI that need to be
predefined.

Document Representation. The original DSI is trained to map a document’s texts
to its corresponding docid. However, the model may need to process queries that
are distributionally different from training documents at retrieval time, leading
to a mismatch between indexing and retrieval. To bridge this gap, the current
standard approach is to generate pseudo-queries that serve as document repre-
sentations during indexing [47, 26]. Following this, we leverage docT5query [25]
to generate pseudo-queries that supplement annotated queries, which are collec-
tively used as inputs during the indexing stage: fo: Q@ — Z.

Docid Representation. We adopt atomic docids, where each document is assigned
a unique integer identifier. Denote the classification-based DSI model as fo,
parameterized by @ = {0.,6;}, where . represents the encoder weights, and
9, € RI™XIPI denotes the linear classifier weights, with |D| being the total
number of documents. Each docid corresponds to a unique column vector V &€
RE™ in @;, where the docid (i.e., the unique integer) specifies the position of
the column vector in ;. Unlike dense retrieval, which uses dual encoders and
an external index with contrastive learning [12, 43|, classification-based DSI uses
a single encoder and stores document embeddings as classifier weights, training
with a seq2seq objective [32] to map queries to docids.

Retrieval Stage. Given a query q € Q, DSI returns a ranked list of documents by
sorting the inner products of the query embedding h, = fs.(¢)[0] € RYI™ (i.e.,
the [CLS] token) and the linear classifier weight in descending order:

folg) = arg(glax(ﬂl—r . hq),arg(%l)lax(ﬂl—r “he),. .|,
ideT ideT

where arg(glax(QlT - hy) denotes the " ranked docid.
ideT
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3.2 Continual Learning in DSI

The continual learning setup in DST assumes that there are T+1 corpora: { Dy, ..., D1}
with corresponding query sets {Q, . . ., @7 } and corresponding docid sets {Iy, ..., It },
where D;={d}, ..., dItDtI}' Dy is often a large-scale corpus with annotated query-
document pairs. D~o={Dj, ..., Dy} are new corpora with completely new doc-
uments and no annotated query-document pairs arriving sequentially. Denote the
parameters of the DSI model at timestep ¢ (i.e., after indexing D<;={Dy, ..., D;})
as ©;. At every timestep ¢>0, the previous DSI model fg, , trained upto D<;_
has to train on corpus D; and updates its parameters to ©;. The evaluation
at timestep ¢ will use fo, on {Qo,...,Q+} to predict {Ily,...,I;}. To index new
documents, at timestep ¢, DSI’s linear classifier 6; is expanded to 6, = {0;;0,,}
where 0, € RAmxIDe| denotes the expanded portion and {*;-} is concatenation.

3.3 Prompt Tuning

Prompt tuning [18, 19] introduces a small set of learnable soft prompts to instruct
frozen pre-trained language models on downstream tasks. In this work, we adopt
the prefix tuning [19] variant. Given an input sequence x € RY™*™ with length
n and embedding dimension of dim, prompt token p € R¥™X™ with length m is
prepended to the input of self-attention [34] as follows:

Attention(zWy, [pk, ] Wk, [pv, ]Ws),

where W, Wy, W, are projection matrices and py, p, € RI™X % are equally split
from p.

4 PromptDSI: Single-pass Rehearsal-free Prompt-based
Continual Learning for Document Retrieval

PCL methods [40,37,35,30] can be seamlessly integrated into classification-
based DSI. However, such an approach is not efficient for a document retrieval
system. Moreover, simple adaptation also faces the issue of prompt underuti-
lization. In this section, we will further elaborate on these issues and propose
corresponding solutions.

4.1 Prompt-based Continual Learning (PCL)

PCL methods introduce a prompt pool P = {p1,...,pp} with M prompts
and a set of corresponding prompt keys K = {kq,...,kn}, where each prompt
pi € RUMX™M with length m is paired with a key k; € RY™ in a key-value man-
ner. P acts as an external memory for the pre-trained language model (PLM),
enabling storage of new information without disrupting its inherent knowledge
or explicitly retaining previous training data.

As depicted in Figure 1 (left), given a query g, the first pass extracts the
[CLS] token hy of the input query ¢ from a frozen PLM 6. A set of top-/N prompt
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Fig. 1. Naive-PromptDSI (left) integrates PCL methods into DSI using two forward
passes, causing increased training/inference time. PromptDSI (right) enhances effi-
ciency by using intermediate layer representations (i.e. average of token embeddings
[AVG]) for prompt selection, effectively removing an additional forward pass. In this
example, prompts p are prefix tuning to layer 2 of the DSI’s encoder .. At timestep
t > 0, 0;,<; refers to the frozen portion of the linear classifier, while 6; ; represents the
expanded portion used for training on corpus D;.

keys from the prompt pool are optimized with cosine distance to align them with
the [CLS] token h, using the following query-key matching mechanism:

N
EmathZV(hq,ki), st. Sy= argmin ny(hq,ksi), (1)

i€S, {si} N, C[1,M] 55

where S, denotes a set of top-N prompt key ids and 7(-,-) = 1 — cos(-,-) is
the cosine distance. In the second pass, the same query ¢ is reprocessed by
0.; however, this time the previously selected top-IN corresponding prompts p C
P are prefix-tuned to the PLM, resulting in an enhanced [CLS] token: izq =
Ip.0.(q)[0] € R™ which has been instructed by the knowledge from prompts p.

4.2 Single-pass PCL

As previously discussed, existing PCL methods involve two forward passes during
training and inference. Given that a forward pass in Transformer models is al-
ready computationally expensive, this two-pass design is unsuitable for retrieval
systems, as it exacerbates latency during both training and inference. We refer
to this naive adaptation of two-pass PCL methods to DSI as Naive-PromptDSI.

To mitigate the inefficiency of Naive-PromptDSI, we introduce PromptDSI,
a streamlined variant that eliminates the first pass typically required by PCL
methods. As illustrated on the right side of Figure 1, instead of using the [CLS]
token from the first pass for prompt selection, PromptDSI leverages the aver-
age token embeddings [AVG] from the intermediate layer immediately preceding
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the prompting layer: [AVG] = \71| Zgl ele—l(q)i € RY™ where |q| denotes the

sequence length of query ¢, and fyi— (q); represents the output of the (I — 1)*®

layer of the encoder ., at position 7. If [ = 1, we use the average of the embed-
dings from the pre-trained language model’s embedding layer. This adjustment
approximates the semantic richness typically provided by the [CLS] token. In
section 5.4, we show that this design incurs only minor task performance degra-
dation while speeding up both training and inference. We hypothesize that this
is thanks to queries in document retrieval are semantically simple compared to
the images in vision domain, leading to shallow query embeddings are sufficient
for prompt selection.

4.3 Topic-aware Prompt Keys

Given a prompt pool P, L2P [40] shares P for all incoming tasks, while S-
Prompt++ [37,35] allocates a single key-prompt pair for each incoming tasks
and freezes previous pairs. Since the learnable prompt keys in the prompt pool
are optimized to represent new corpora, the lack of distinct semantic boundaries
among corpora in document retrieval (i.e, corpora both consist of documents of
similar topics) causes these keys to become highly similar across corpora. This
leads to a collapse in prompt selection (i.e., the query-key matching mechanism in
Eq. (1)) to a small subset of prompts, resulting in underutilization of parameters,
which is visualized and elaborated in Section 5.5.

Instabilities in training prompt pools for PCL methods have been reported
in the literature [24,44]. We observe that in PCL methods, the query embed-
dings used for prompt selection are deterministic [40], suggesting that optimizing
prompt keys K might be unnecessary. Inspired by neural topic modeling tech-
niques [11,9], we propose using neural topic embeddings derived from Dy as
fixed prompt keys. We employ BERTopic [10] to cluster document embeddings
and generate neural topic embeddings via a class-based TF-IDF procedure (we
refer readers to [10] for details of BERTopic). By assuming each document se-
mantically belongs to a neural topic, we employ these topic-aware fixed prompt
keys to stabilize the query-key matching mechanism, addressing underutilization
of prompts. Furthermore, this approach facilitates knowledge transfer between
documents within the same topic and allows better interpretability compared to
general-purpose or corpus-specific prompts in existing PCL methods. We refer
to this PromptDSI variant as PromptDSIy, ;.

4.4 Optimization Objective

Denote PromptDSI’s encoder and linear classifier as 6, and 6;, respectively. At
timestep ¢t = 0, PromptDSI is optimized using cross-entropy loss Log on Dy:

Ly = Z [’CE(sz(fQE(Q))’idq)v (2)

q4€Qo

where id, € Ij is the one-hot encoded ground truth docid of query g.
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We study three popular PCL methods: L2P [40], S-Prompt+-+ (S++) [37,
35], and CODA-Prompt (CODA) [30]. During continual indexing, the encoder
0. is frozen while prompt pool P, prompt keys K, and a portion of the linear
classifier 6, are optimized. We refer to fextra,s. as PromptDSI’s encoder pa-
rameterized by 6. and a set of learnable components extra. Denote P; and K,
as prompts and prompt keys allocated for indexing Dy, at timestep ¢t > 0, the
general optimization objective for PromptDSI with L2P or S+4+ is:

LL2P — Z min@ Lce(fo,(fp.k..0.(0)),1dg) + Lmateh, (3)

Py, Ky,01¢
qEQ:

where Liaten is defined in Eq. (1) and id, € I;. Unlike PromptDSI; ,p, which
optimizes all key-prompt pairs, PromptDSIg , optimizes only one key-prompt
pair per timestep. PromptDSI-op, introduces learnable attention vectors A €
RY™ for each prompt. Instead of using Lmaten, it computes a weighted sum
of prompts: P = Zgl a;p;, where a; = cos(hq ©® A;,k;) and © denotes the
Hadamard product. It is trained end-to-end with the following objective:

CODA __ . .
Ly = ;C; Pt’KIfl,glt’euﬁCE(fol(fPt,Kt,At,ee(Q))’ldq)- (4)
q t

Using precomputed neural topic embeddings as fixed prompt keys, PromptDSI, ;.
omits optimizing prompt keys K; in Equation 3 and also removes L atch:

Llorie — Z Pr%?t Lc(fo, (fp,6.(q)),1dy). (5)

qEQ+

5 Experiments

5.1 Experimental Setting

Datasets We evaluate PromptDSI on two well-known binary relevance docu-
ment retrieval datasets: Natural Questions (NQ320k) [16] and a modified version
of MSMARCO (MSMARCO 300k) [1,5] (Table 1). NQ320k refers to the title-
de-duplicated version of the Natural Questions dataset, containing 320k query-
document pairs from approximately 108k documents [38,31,15]. MSMARCO
300k is a modified subset of the MS MARCO Document Ranking dataset [1, 5]
with 300k documents, which is established in previous works [23, 15, 31]. For each
corpus, queries from the official training set are split 80% /20% for training and
validation, while the official development set is used for testing. To mimic the
continual learning (CL) setup, each dataset is split into an initial corpus (Dy)
containing 90% of the total documents, and five new corpora (D;-Ds), each
with 2% of the total documents. Each document in the train set is supplied with
up to 15 additional pseudo-queries generated using docT5query [25] along with
annotated natural queries. Each query corresponds to one relevant document.
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Table 1. The NQ320k and MSMARCO 300k dataset statistics used in our study.

NQ320k
Corpus|Document|Train Queries|Validation Queries|Test Queries|Generated Queries
Do 98743 221194 55295 6998 1480538
D, 2000 4484 1091 152 29997
D, 2000 4417 1085 153 29992
D3 2000 4800 1298 177 29991
D, 2000 4346 1107 116 29992
Ds 1874 4131 964 140 28105
MSMARCO 300k
Dy 289424 262008 65502 4678 4312150
D, 2000 1768 480 40 29787
D, 2000 1799 457 35 29805
D3 2000 1800 450 30 29774
D, 2000 1772 475 29 29821
Ds 2000 1851 430 30 29779

Evaluation metrics. We adopt Hits@{1, 10} and Mean Reciprocal Rank
(MRR)@10 as document retrieval metrics. To evaluate CL performance, after
training on corpus D;, we report average performance (A;), forgetting (F), and
learning performance (LA;), following previous works [23]. In the main result
tables, We report the results of initial corpus Dy and new corpora Di-Ds sep-
arately. We emphasize on A; as it reflects both stability and plasticity [30]. Let
P, ; be the performance of the model on corpus D; in some metrics, after training
on corpus Dy, where 7 < ¢. Forgetting of Dy is calculated as: max(Ps o — Py 0, 0).
With ¢t > 0, the CL metrics are defined as follows:

t t t—1
1 1 1
A:*E ]DZ LA :*E Pzz F:*E max Pi/i_Pi
T pt b T ~ Tt = i'e{O,.wtfl}( ’ ti)

Baselines. We adopt the well-established BERT [7] and SBERT [28]* as back-
bones and compare PromptDSI with both CL and non-CL baselines.® While
recent dense encoders such as BGE [42], and NV-Embed [17] can also serve
as backbones and may yield improved retrieval performance, our goal is not to
benchmark classification-based DSI frameworks with state-of-the-art backbones,
but to analyze their continual learning behavior. Due to resource and space con-
straints, we leave such comparisons to future work.

— Sequential Fine-tuning sequentially optimizes on new corpora without
accessing previous ones, serving as the performance lower bound in CL.

— DSI++ [23] involves sequential fine-tuning on new corpora, using a query
generation model to generate pseudo queries for sparse experience replay.

— IncDSI [15] indexes new documents by sequentially caching previous query
embeddings and expanding ;. The new 6;’s embeddings are determined by

4 HuggingFace model identifiers: google-bert/bert-base-uncased and
sentence-transformers/all-mpnet-v2

5 We omit comparisons with regularization-based methods, as they underperform com-
pared to replay-based approaches [41].
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solving constrained optimization problems. Since IncDSI is designed for on-
line learning, we include “IncDSI*”, a variant that solves the optimization
for several epochs. We regard IncDSI as a strong baseline on Dj.

— Multi-corpora Fine-tuning (Multi) only fine-tunes on new corpora D;-
D5, which are merged as one corpus. It is equivalent to the multi-task learn-
ing baseline in CL, serving as the performance upper bound on new corpora.

— Joint Supervised (Joint) trains on both initial and all new corpora, sim-
ilar to the conventional supervised learning setup.

— Dense Passage Retrieval (DPR) [12] is a popular BERT-based dual-
encoder trained with BM25 [29] hard negatives and in-batch negatives. DPR
serves as a strong dense retrieval baseline and performs zero-shot retrieval
on new corpora.

Implementation Details. We employ AdamW [21] and use a single NVIDIA
A100 80GB GPU for all experiments. Following [15], we train BERT/SBERT
on Dy for 20 epochs, using batch size 128 and 1024, learning rate le~* and
5e7° for NQ320k and MSMARCO 300k, respectively. All subsequent methods
are trained with batch size 128 and initialized from the same BERT/SBERT
checkpoint trained on Dy. We randomly sample pseudo-queries from previous
corpora to substitute for the query generation model in DSI++6. We reproduce
IncDSI [15] using its official implementation. For PCL methods in PromptDSI,
we leverage open-source implementations. PromptDSI; op /S+~ use a prompt pool
of size 5, prompt length 20 and top-1 prompt selection. PromptDSInopa uses a
prompt length 10 and 2 prompts per task. For BERT-based PromptDSI, we use
learning rate le=* and 5e~%; for SBERT-based PromptDSI, we use 1.5¢~% and
le~3 for NQ320k and MSMARCO 300k, respectively. For PromptDSIy ., we
use BERTopic [10] to mine neural topics from Dy, adhering closely to the author’s
best practices guide 7. PromptDSI variants are trained for 10 epochs since prefix-
tuning [19] requires longer training to converge. Other full-model fine-tuning
baselines are trained for 5 epochs. Results for CL methods are averaged over three
runs, with standard deviations reported accordingly. The layer-wise prompting
study in Section 5.6 is conducted using a fixed random seed.

5.2 Main Results

We present our results of BERT /SBERT-based methods in Table 2 and 3. Per-
formance of the latter is often better thanks to the better representation.
Among non-CL methods, across backbones and datasets, Multi-corpora
Fine-tuning completely forgets Dy and heavily overfits Di-Ds. Both Joint
and DPR achieve a balance between initial and new corpora; however, they
generally underperform IncDSI and PromptDSI. Among CL methods, Sequen-
tial Fine-tuning suffer sfrom severe catastrophic forgetting and significantly

6 Since the code for DSI++ has not been released.
" https://maartengr.github.io/BERTopic/getting _started/best practices/
best practices.html
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Table 2. BERT-based methods performance after indexing Ds. HQ10 and M@Q10 de-
note Hits@10 and MRR@10. D¢ denotes P50 on Dg’s test queries. T denotes results
from [15]. Params. denotes number of trainable parameters. Bold and underline high-
light the top and second best CL methods. The underscript numbers denote the stan-
dard deviations.

| NQ320k | MSMARCO 300k |

BERT- Do T As 1 Do 1 As 1 8 Rehearsal
based |HQ10 M@l0 H@l0 Ma1lo Faramsd| gaig Ma@10 H@10 Ma1o Faramsd|™ oo

Non CL Methods (For Reference)

Multi 0.0 0.0 91.4 839 193 M 0.0 0.0 92.2 839 340 M -
Joint 85.9 70.1 847 684 193 M 76.8 552 783  53.8 340 M -
DPR 70.3 519 70.1  49.8  220M | 68.8f - 62.8" - 220 M -
CL Methods

Sequential| 0.00.0 0.00.0 27.425 22272 193M | 0.00.0 0.00.0 31.90.8 27.206 340M v
DSI++ 2.60.0 2.626 28.61.9 22.1286 193M | 2.60.1 2.40.0 28.673 24.25; 340M X
IncDSI 86.44, 72.20.3 85.80.6 69.50.3 7.6M |79.509 57.51.3 81.822 61432 7.TM X
IncDST*  [86.50.2 72.0,, 85.21.0 68.609 7.6M |80.60.059.00.0 84.80.1 65.100 7.7M X
PromptDSI (Ours) with

L2P 86.10.1 71.20.2 90.80.4 73.215 7.6M [80.5,, 58.70.0 86.714 67.4,, 7.8M v
S++ 86.1p.2 71.40.1 90.55, 73.8), 7.6M |80.49.1 58.60.1 86.8, 5 67.4,s 7.8M v
CODA  [86.00.0 71.20.1 90.30.3 74.208 7.7M [80.60.1 58.9,, 87.90.6 66.80.3 7.8M v
TOpiC 86,004 71.3&0 90.50_5 74.214 8.8 M 80.40_0 58.60_1 86.70_5 67.50_5 10.4M v
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Fig. 2. Continual indexing performance of BERT-based methods on NQ320k

overfitting the most recent corpora. DSI4++-, even with sparse experience replay,
provides only slight improvements over Sequential Fine-tuning, highlighting that
maintaining a memory buffer or a generative model for rehearsal is non-trivial.
Overall, Sequential Fine-tuning and DSI4++ employ full-model fine-tuning CL
methods (i.e., huge trainable parameters), but suffers from catastrophic for-
getting. In contrast, IncDSI and PromptDSI are significantly more parameter-
efficient, as a result of freezing the backbone.

IncDSI maintains strong performance across all corpora, with IncDST* (10
epochs) further improving overall metrics. However, it still falls short of optimal
performance on new corpora. All PromptDSI variants outperform IncDSI and
IneDSI* in terms of As by large margins across metrics, datasets, and backbones
while maintaining D, performance close to that of IncDSI. PromptDSItopic re-
moves prompt-key optimization to stabilize query-key matching, achieving com-
parable or superior performance among PromptDSI variants.
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Fig. 3. Continual indexing performance of BERT-based methods on MSMARCO 300k

Table 3. SBERT-based methods performance after indexing Ds. Do denote Ps o on
Dq’s test queries. HQ10 and M@10 denotes Hits@10 and MRR@10. Params. denotes
number of trainable parameters. Bold and underline highlight the top and second best
CL methods. The underscript numbers denote the standard deviations.

| NQ320k | MSMARCO 300k |

SBERT- Do T As 1 P 1 Do 1 As 1 P 1 Rehearsal
based H@10 M@10 H@10 Ma@1l0 *2rMS~+ Halp M@10 H@10 M@l - arams. free

Non CL methods gFor reference)
Multi 0.0 .0 92.0  83.6 193 M 0.0 0.0 94.7 872 340 M -
Joint 86.8 71.5 864  69.7 193 M 5 84 .

76.3 55 4.1 61.2 340 M -
CL methods
Sequential| 0.00.0 0.00.0 25.22.0 20.30.8 193M | 0.00.0 0.00.0 27.12.1 23.312 340M v
DSIH+ 2.7T0.0 2401 28.548 22327 193M | 2.80.1 2.50.1 29.047 23.305 340M X
IncDSI 87.10.0 72.31.1 86.608 70.524 7.6M |80.910 58.612 82816 64.033 7.7TM X
IncDST*  |87.00.0 72.60.0 87.30.1 73.200 7.6M [82.00.0 60.000 84.19.1 68.002 7.7M X
PromptDSI (Ours) with
L2P 86.90.1 72.60.1 91.1p.1 74.035 7.6 M |81.6,, 59.1,, 87.40.4 70.104 7.8M v
St+ 86800 7250, 91.0,5 T48,, 7.6M |8l.do1 53.901 87559 Tl.des T.8M v
CODA  [87.0,, 72.10 91.105 74211 T.IM |81.500 59.002 8T.5, 5 70.010 T.8M v
Topic 86.80.0 72.10.2 91.10.3 75.11.9 9.0M |81.30.1 59.1,, 88.119 70.5, 4 10.6M v

We further analyze the continual indexing of BERT-based PromptDSI and
IncDSI in Figures 2 and 3. PromptDSI consistently outperforms IncDSI in Av-
erage and Learning Performance across datasets, with minimal forgetting, often
matching IncDSI or surpassing IncDSI*. These results highlight the superior
stability-plasticity trade-off of PromptDSI, despite being rehearsal-free.

5.3 Memory Complexity Analysis

DSI++ requires storing an additional T5 [27] model for query generation and
IneDSTI requires caching a matrix Z € RIm*3{0 D¢ where each column of Z
represents an average query embedding. Consequently, the memory usage and
indexing time of IncDSI increase linearly with the number of documents. For our
experiments, caching requires approximately 318 MiB for NQ320k and 977 MiB
for MSMARCO 300k. Extending to the full MS MARCO dataset (8.8M passages)
requires about 25 GiB of memory. In many cases, loading such a large memory
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Table 4. Performance comparison between Naive-PromptDSI and PromptDSI on
NQ320k.

Naive-PromptDSI
Hits@10 MRR@10

PromptDSI

Methods ‘Metric Hits@10 MRR@10 ‘ Single-pass speedup

o Do 1] 86.1¢.1 71.30.1 86.10.1 T1.20.2 p
PromptDSIr2p As 1190305 74103 | 90.80.4 73218 4.3x
Do 1] 86.10.1 71.30.2 | 86.19.2 7l.491
PromptDSls-++ ‘Aw 90502 74000 | 90.504 73807 4.2x
Do 1] 86.00.1 71.20.1 | 86.00.0 71.20.1
P”’“‘I’*DSICODA‘ As | 90602 74206 | 90305 7420 1.7x

footprint onto conventional GPUs may not be possible. In contrast, PromptDSI
is rehearsal-free, eliminating the need to store Z. It employs a prompt pool
and a set of prompt keys, i.e., P UK € RImx(M(m+1)) " which consists of M
prompts p € RI™X™ and M prompt keys k& € RYU™, The L2P/S++ variants
require approximately 315 KiB, which is about three orders of magnitude smaller
than IncDST’s overhead on NQ320k, while the largest “Topic” variant requires
approximately 11.9 MiB—roughly one to two orders of magnitude smaller than
IncDSI or the additional T5 model used in DST++.

5.4 Single-pass PromptDSI Analysis

Table 4 presents the comparison between Naive-PromptDSI and PromptDSI.
Using intermediate layer representations as query embeddings for prompt selec-
tion (i.e., bypassing the first forward pass), we observe only a minimal trade-off
in performance across all PromptDSI variants. This is primarily reflected in
MRR@10, with a maximum drop of just 0.9%. Notably, with our implementa-
tions, the single-pass L2P and S++ variants can be up to 4 times faster by omit-
ting the first forward pass. Although the speedup is less significant for the CODA
variant, which employs a weighted sum of prompts strategy, it still achieves a
notable 1.7x speedup. Overall, these results confirm that the proposed single-
pass PCL methods in PromptDSI meet the low-latency requirements of typical
information retrieval systems, with only a negligible impact on performance.

5.5 Prompt Pool Utilization Analysis

Figure 4 (left) illustrates the prompt pool utilization of PromptDSI variants.®.
We observe that L2P frequently selects a small subset of prompts across all cor-
pora. While S++ benefits from SBERT’s better similarity-based embeddings to
achieve more diverse task-specific prompt selection, this effect does not extend
to L2P. These findings suggest that optimizing the prompt pool and ensuring di-
verse selection remain challenging due to instability. With a topic-aware prompt
pool, PromptDSItepic achieves better prompt utilization, leading to improved
performance in some cases (Table 3) while mitigating training instability. No-
tably, in Figure 4 (bottom-right), prompt pool utilization exceeds 60%, with over

8 PromptDSIcopa applies a weighted sum of prompts instead of prompt selection.
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30% of the prompts frequently selected (i.e., above the uniform threshold). Be-
yond performance improvements, topic-aware prompts enhance interpretability,
unlike general-purpose (L2P) or corpus-specific (S++) prompts.

Since we uses two backbones BERT and SBERT, we adopt separate BERTopic
models for each, resulting in slightly different topics for the same dataset (Fig-
ures 5 and 6). While effective, topic modeling may benefit further from LLMs due
to their superior representational and contextual capabilities. Table 5 presents
queries associated with the top 8 topics identified by SBERT-based BERTopic
on the NQ320k validation set, which PromptDSItepic selects during inference.
These neural topics reflect frequently queried subjects, with queries often con-
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Fig.5. Top 8 NQ320k topics mined using BERTopic with BERT/SBERT and their
corresponding most frequent terms. A total of 80 topics were identified with BERT

and 91 with SBERT from Dy.
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Table 5. Examples annotated queries from the NQ320k validation set that are matched
correctly to the corresponding topic-aware prompts during inference. Topic embeddings
are mined using SBERT-based BERTopic. Topic-specific terms are highlighted.

Topic | Queries

who sang the song no other love have i
0 (Music) who sings the song it feels like rain
who sings whenever you want me i’ll be there

when was the last time cleveland browns were in the playoffs
1 (Football) has any nfl team gone 16-0 and won the superbowl
what nfl team never went to the super bowl

who is the actor that plays spencer reid

who died in vampire diaries season 1 episode 17
who played the mother on father knows best
how many season of the waltons are there

2 (Movies)

where does the amino acid attach to trna
when a person is at rest approximately how much blood is being held within the veins
where are lipids synthesized outside of the endomembrane system

3 (Human biology)

4 (Origin)

where does spring water found in mountains come from

where does the last name broome come from
where does the last name de leon come from

when did fifa first begun and which country was it played

s ) who is going to the 2018 world cup
5 (Soccer
who came second in the world cup 2018

who fousht on the western front during wwl
6 (War) when did the allies start to win ww2

when did the united states declare war on germany
what were the most effective weapons in ww1l

how wide is the mississippi river at davenport iowa
7 (Geography) bob dylan musical girl from the north country
what are the four deserts in north america

BERT-MS MARCO SBERT-MS MARCO
Topic 0 Topic 1 Topic 2 Topic 3 Topic 0 Topic 1 Topic 2 Topic 3
does cost vor ive I e
cost doas oo e vsea [ courty coun
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Fig. 6. Top 8 MSMARCO 300k topics mined using BERTopic with BERT/SBERT
and their corresponding most frequent terms. A total of 182 topics were identified with
BERT and 193 with SBERT from Dy.

5.6 Layer-wise Prompting Study

To determine the optimal layers for prompting (i.e., prefix-tuning), we follow
the protocol of [39]. We assume prompting layers are contiguous and limit the
search space to three layers. Using SBERT-based PromptDSI, we attach prompts
to each layer of 6. to identify effective layers for multi-layer prompting. Given
that PromptDSI variants improve As at the cost of a slight degradation in Dy,
we define our main criteria as follows: (1) Lower forgetting on Dg, (2) Mod-
erate performance on As, and (3) Fewer prompting layers are preferable. For
single-layer prompting, Figure 7 (left) shows that CODA retains more knowl-
edge but performs worse than L2P and S++. Overall, PromptDSI outperforms
IncDSI across prompting layers. However, L2P and S++ exhibit severe forget-
ting in the top layers (10-12), leading us to exclude them from further analysis.
Notably, layer 2 achieves comparable or lower forgetting than IncDSI on Dy
while maintaining strong As, making it a promising choice. We select S++ for
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Fig. 7. Layer-wise prompting analysis of SBERT-based PromptDSI on NQ320k. Left
half: Single-layer prompting analysis of different PromptDSI variants. Right half:
Multi-layer prompting analysis of SBERT-based PromptDSIs. 4, illustrating the per-
formance changes (i.e., percentage gains and drops) when using 2-layer prompting (first
column) and 3-layer prompting (second column) compared to single-layer prompting
at layer 1, indicated by the red dashed line.

multi-layer prompting analysis due to its high forgetting on Dy. As shown in
Figure 7 (right), two-layer prompting (first column) slightly reduces forgetting,
but the gains in As are marginal (< 1% for MRR@10, < 0.5% for Hits@10).
Three-layer prompting significantly degrades MRR@10 (up to 2.5%) despite in-
creased computation, offering minimal reduction in forgetting. Since multi-layer
prompting incurs higher computational costs, these findings suggest that single-
layer prompting, particularly in the lower layers (1-5), achieves the best trade-off
between efficiency and performance. Consequently, we primarily perform single-
layer prefix-tuning on layer 2 of DSI’s encoder in our experiments, which satisfies
all desirable criteria.

6 Conclusion

We present PromptDSI, a novel prompt-based approach for rehearsal-free con-
tinual learning in document retrieval. We adapt prompt-based continual learn-
ing (PCL) methods and introduce single-pass PCL. We validate our approach on
three standard PCL methods. Our topic-aware prompt pool addresses parameter
underutilization, ensuring diverse and efficient prompt usage, while also enhanc-
ing interpretability. Results show that PromptDSI outperforms rehearsal-based
DSI++ and matches IncDSI in mitigating forgetting, while achieving superior
performance on new corpora.
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