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Abstract
Retrieval-Augmented Generation (RAG) enhances Large Language
Models (LLMs) by leveraging external knowledge, where retrieval
accuracy directly affects generation quality. However, dense retriev-
ers, commonly employed in RAG, suffer degraded performance in
evolving corpora where new documents arrive continuously and
distribution shifts accumulate over time. In such settings, continually
updating retrievers is crucial, yet conventional retraining is computa-
tionally expensive and often impractical. To address this challenge,
we propose FlowRAG, a lightweight and effective method for con-
tinual retriever adaptation in evolving corpora. FlowRAG augments
the encoder with Layer-wise Prompt Embeddings and introduces
a Cross-Layer Fusion mechanism to capture hierarchical semantic
representations. In addition, a novel Generator-Guided Loss aligns
retriever scores and intermediate representations with the LLM’s
generation likelihoods, encouraging retrieval decisions that are both
semantically relevant and beneficial for generation. Experiments on
datasets spanning four domains demonstrate that FlowRAG, which
updates only about 0.64% of the total model parameters, consis-
tently outperforms strong baselines in retrieval accuracy, generation
quality, and robustness to forgetting in non-stationary settings. We
release the code at https://github.com/CGCL-codes/FlowRAG.git.
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1 Introduction
Retrieval-Augmented Generation (RAG) has become a widely ac-
cepted approach to enhance the performance of large language
models (LLMs) [37, 38], facilitating their ability to retrieve and in-
tegrate information from the web (such as Wikipedia [34]) or other
external knowledge bases [5, 43]. By retrieving relevant documents,
RAG bridges the gap between the static knowledge encoded in LLM
parameters and the dynamic, continuously evolving real world. This
capability allows LLMs to leverage up-to-date and domain-specific
information without the need for extensive retraining [17, 25, 32].
As pointed out by previous studies [11, 16, 40], the effectiveness of
retrieval augmentation strongly depends on the quality and relevance
of the retrieved content, which is commonly achieved using dense
retrievers [5].

Dense retrievers encode queries and documents into continuous
semantic vectors, enabling similarity-based retrieval that captures
conceptual relevance beyond exact lexical overlap [5, 9, 12]. While
this approach is highly effective on static document collections, it
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(1)  Retrieval ACC(left) and F1(right) on ConvQA (2) Retrieval ACC(left) and F1(right) on CovidQA

REPLUG End2End Atlas

Figure 1: Catastrophic forgetting of representative LLM-guided retriever training methods (REPLUG [28], End2EndRAG [30], and
Atlas [11]) under continual learning across multiple domains

faces significant challenges in real-world applications, where doc-
ument corpora are continuously evolving due to technological ad-
vancements, societal changes, and the emergence of new topics.
Distribution shifts across domains often cause significant perfor-
mance degradation and catastrophic forgetting of previously learned
knowledge [4], underscoring the need for continual learning for
retrievers.

Existing approaches to continual learning for retriever, such as
L2R [2], mainly target dense retriever fine-tuning for first-stage
retrieval. However, their optimization is tailored for standalone re-
trieval rather than retrieval for generation, which limits their appli-
cability in RAG systems. To overcome this limitation, LLM-guided
retriever training [11, 28, 30] has recently emerged as a promising
paradigm, where generation likelihoods are leveraged to provide
implicit supervision for retrieval. This paradigm offers two key ad-
vantages: (1) it leverages large language models to provide scalable
supervision, thereby reducing the reliance on costly human anno-
tations; and (2) it naturally aligns retrievers with downstream gen-
eration tasks, ensuring that retrieved information directly enhances
generation quality. Despite these benefits, applying LLM-guided
retriever training in a continual learning setting still encounters the
challenge of catastrophic forgetting.

To better understand the constraints, we conducted a preliminary
study on current representative LLM-guided retriever training meth-
ods, including REPLUG [28], End2EndRAG [30], and Atlas [11].
We sequentially trained the retriever across multiple domains. As
shown in Figure 1, the performance of all models exhibited a clear
degradation when shifting to new domains. For example, REPLUG
achieved an initial F1 of 33.22% on ConvQA but dropped to 8.79%
after training on subsequent datasets. Similar declines were observed
for End2EndRAG and Atlas. These results demonstrate that existing
methods are unable to retain previously acquired knowledge, leading
to catastrophic forgetting in evolving corpora.

To address this challenge, we propose FlowRAG, a lightweight
and effective method of continual learning for the retriever in evolv-
ing corpora. FlowRAG consists of three key components: (1) Layer-
wise Prompt Embeddings: Building on insights from our prelim-
inary results, we enhance the retriever’s encoder by introducing
layer-wise prompt embeddings. By incorporating these embeddings,
the retriever can preserve previously learned knowledge and miti-
gate catastrophic forgetting. (2) Cross-Layer Fusion: To enhance

the effectiveness of layer-wise prompt embeddings, we introduce
a Cross-Layer Fusion mechanism. This fusion enables the model
to blend multiple levels of representation, ensuring a more com-
prehensive understanding of the evolving context and improving
retrieval accuracy. (3) Generator-Guided Loss: To align retrieval
decisions with LLM’s generation likelihoods, we propose a novel
Generator-Guided Loss. This loss function optimizes the retriever’s
scores and intermediate representations to ensure they are not only
semantically relevant but also conducive to high-quality generation.
This process directly encourages retrieval choices that support more
coherent and contextually appropriate generation outputs.

In summary, our contributions are as follows:

• We present FlowRAG, the first method to integrate layer-wise
prompt embeddings into RAG retrievers for dynamic adaptivity
and continual learning.
• We propose the innovative Cross-Layer Fusion mechanism and

a Generator-Guided Loss to not only enhance the retriever’s rep-
resentational capacity but also align retrieval choices with the
generation process, ensuring more contextually relevant and co-
herent outputs.
• The experimental results across four distinct domains demon-

strate that FlowRAG consistently outperforms strong baselines
in terms of retrieval accuracy, generation quality, and resilience
to catastrophic forgetting. Further analysis reveals that FlowRAG
maintains high efficiency, requiring only approximately 0.64%
of the total model parameters to be updated in non-stationary
settings. This efficiency underscores FlowRAG’s potential as a
robust solution for dynamic and continual learning.

2 Related Work
RAG Retriever Fine-tuning. Large language models have demon-
strated limitations in effectively leveraging context [20, 39]. Sev-
eral studies have explored improving the performance of Retrieval-
Augmented Generation (RAG) systems through retriever fine-tuning.
Recent efforts have aligned retriever training with generation ob-
jectives to enhance the overall RAG pipeline. Early methods such
as Distill-RAG [10] and End2EndRAG [30] jointly optimize the
retriever and generator by propagating the generation loss through
cross-attention layers, thereby enabling retrieval decisions that di-
rectly benefit downstream generation. However, such joint training
can be computationally expensive and sensitive to corpus shifts.
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To mitigate computational overhead, recent methods decouple
retriever optimization by leveraging the language model as a supervi-
sory signal. REPLUG [28] proposes LM-Supervised Retrieval (LSR),
which aligns retriever scores to the language model’s preference dis-
tribution using a KL divergence loss. RA-DIT [19] adopts the same
LSR objective to update the retriever without manual annotations.
Similarly, Atlas [11] applies a Perplexity Distillation loss that trains
the retriever to approximate the language model’s preference distri-
bution over documents by assessing their impact on perplexity, also
using KL divergence.
Continual Learning. Continual Learning (CL) [3, 33] has been
widely studied as a solution to catastrophic forgetting, the phenome-
non where models overwrite previously acquired knowledge when
exposed to new tasks or domains [18]. Existing CL approaches are
commonly categorized into three families: replay-based methods,
which preserve a subset of old samples and mix them with new data
during training [24, 42]; regularization-based methods, which pe-
nalize updates to parameters deemed critical for past tasks [13, 41];
and parameter-isolation methods, which allocate task-specific sub-
networks or modules to mitigate interference [1]. These approaches
have achieved notable success in computer vision [22, 26, 27] and
natural language processing [1, 7], establishing CL as a central
paradigm for learning in non-stationary environments.

Despite advancements in CL, its application to RAG remains
underexplored. Existing work focuses mainly on continuous dense
retrievers [2], which are optimized for standalone retrieval rather
than retrieval for generation. This narrow focus limits the flexibility
needed for independent adaptation. In practical scenarios, document
corpora evolve continuously, introducing distribution shifts that ex-
acerbate forgetting in static retrieval models. While methods like
SelfAug [8] address forgetting in the LLM component, we focus on
the retriever component, which has been less explored. Our work
complements existing methods by targeting a different aspect of the
continuous learning challenges of RAG.

3 Task Formulation
We consider a RAG setting where the external document corpus
evolves over time. Let {D1,D2, . . . ,D𝑇 } denote a sequence of cor-
pora, where each D𝑡 = {𝑑𝑡1, 𝑑𝑡2, . . . , 𝑑𝑡𝑛𝑡 } represents the set of docu-
ments available at time step 𝑡 . At each time step 𝑡 , the input to the
system consists of queries Q𝑡 and corresponding answers Y𝑡 .

For a given query 𝑞𝑡𝑖 ∈ Q𝑡 , the retriever selects the top-𝑘 rele-
vant documents from D𝑡 based on a similarity function computed
between encoded representations:

R𝑡
𝑞𝑡
𝑖

= TopK𝑑𝑡
𝑗
∈D𝑡

(
sim(𝑓𝑞 (𝑞𝑡𝑖 ), 𝑓𝑑 (𝑑𝑡𝑗 )), 𝑘

)
, (1)

where 𝑓𝑞 (·) and 𝑓𝑑 (·) denote the query and document encoders, re-
spectively. The generator𝐺 then produces the answer 𝑎𝑡𝑖 conditioned
on the query and the retrieved context:

𝑎𝑡𝑖 =𝐺 (𝑞𝑡𝑖 ,R𝑡𝑞𝑡
𝑖

). (2)

This continual learning scenario introduces considerable challenges:
as the document distribution evolves, the RAG system must adapt to
new domains while maintaining accuracy on previously encountered
data.

4 Methodology
To address the challenges of adapting RAG systems to continually
evolving document corpora, we propose FlowRAG, a framework
that integrates prompt embedding, cross-layer fusion, and generator-
guided supervision. As illustrated in Figure 2, our approach enhances
traditional RAG pipelines in three main aspects: (1) Prompt Tuning
(§4.1), where we insert task-specific prompt embeddings into multi-
ple encoder layers to efficiently adapt to domain shifts; (2) Cross-
Layer Fusion (§4.2), which employs a distribution-aware attention
mechanism, StateFusion, to recursively aggregate prompt-enhanced
representations across layers, enabling richer contextual modeling;
and (3) Generator-Guided Loss (§4.3), which aligns retrieval and
state-level distributions with generation-guided signals through KL-
divergence based objectives. Together, these components provide a
more efficient and robust adaptation strategy for RAG, mitigating
catastrophic forgetting while maintaining strong performance across
dynamic domains.

4.1 Prompt Tuning
To adapt to domain-specific document collections 𝐷𝑡 at timestamp 𝑡 ,
we follow [21] to insert trainable prompt embeddings into multiple
layers of the encoder. We describe the model’s operation in the order
of forward propagation. Specifically, for each transformer layer 𝑗 ,
we modify the self-attention computation by prepending the prompt
embeddings exclusively to the key and value sequences, while the
query input remains unchanged.

Formally, let 𝐻 ( 𝑗−1) ∈ R𝐵×𝑇×𝐷 denote the hidden states from the
( 𝑗−1)-th layer, and let 𝑃𝑡, 𝑗 ∈ R𝐵×𝑝×𝐷 denote the prompt embeddings
specific to task 𝑡 at layer 𝑗 , where 𝐵 is the batch size, 𝑇 is the
sequence length, 𝐷 is the hidden size, and 𝑝 is the number of prompt
tokens. Then, the input to the self-attention module at the 𝑗-th layer
is defined as:

𝑄 ( 𝑗 ) =𝑊𝑄𝐻
( 𝑗−1)

𝐾 ( 𝑗 ) =𝑊𝐾 [𝑃𝑡, 𝑗 ;𝐻 ( 𝑗−1) ]

𝑉 ( 𝑗 ) =𝑊𝑉 [𝑃𝑡, 𝑗 ;𝐻 ( 𝑗−1) ],

(3)

where [ · ; · ] denotes concatenation along the sequence length di-
mension, and𝑊𝑄 ,𝑊𝐾 ,𝑊𝑉 are standard linear projections.

4.2 Cross-Layer Fusion
Although prompt tuning (Section 4.1) adapts the model by inde-
pendently inserting prompts 𝑃𝑡, 𝑗 at each layer 𝑗 , this layer-wise
isolation limits the formation of hierarchical semantic understanding.
Drawing inspiration from methods like iVPT [44], which employ
Cross-Layer Dynamic Connections (CDC) to enhance inter-layer
information flow, we introduce Cross-Layer Fusion. Specifically,
our approach leverages StateFusion, a distribution-aware attention
mechanism, to recursively integrate prompt-enhanced representa-
tions from all layers into a single, context-aware embedding. This
process unfolds through several key stages:
Inner-Layer Fusion. To implement inner-layer fusion, we design a
mechanism called StateFusion, which refines standard self-attention
by incorporating global statistical properties of the input, specifi-
cally the mean and standard deviation computed along the sequence
dimension. For a given layer 𝑗 , with hidden states 𝐻 ( 𝑗−1) ∈ R𝐵×𝑇×𝐷
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Figure 2: The overall framework of FlowRAG. For document collections 𝐷𝑡 at timestamp 𝑡 , FlowRAG inserts prompt embeddings into
multiple layers of the retriever to efficiently adapt to domain shifts, applies cross-layer fusion for richer contextual modeling, and
leverages generator-guided loss to align retrieval and state-level distributions with generation-guided signals.

Algorithm 1 StateFusion Mechanism

Input: Hidden states 𝐻 ( 𝑗−1) ∈ R𝐵×𝑇×𝐷 , prompt slice 𝑃𝑡, 𝑗 ∈
R𝐵×𝑝×𝐷

Output: Fused output 𝑂
𝜇ℎ ← MEAN(𝐻 ( 𝑗−1) ), 𝜎ℎ ← STD(𝐻 ( 𝑗−1) )
𝜇𝑝 ← MEAN(𝑃𝑡, 𝑗 ), 𝜎𝑝 ← STD(𝑃𝑡, 𝑗 )
𝑄 ←𝑊𝑄𝐻

( 𝑗−1) , 𝐾 ←𝑊𝐾𝑃
𝑡, 𝑗 , 𝑉 ←𝑊𝑉 𝑃

𝑡, 𝑗

𝑄 ← CONCAT(𝑄, 𝜇ℎ, 𝜎ℎ)
𝐾 ← CONCAT(𝐾, 𝜇𝑝 , 𝜎𝑝 )
𝑉 ← CONCAT(𝑉 , 𝜇𝑝 , 𝜎𝑝 )
C← SOFTMAX(𝑄𝐾⊤/

√
𝐷) ·𝑉

𝑂 ← ATTNOUT(C)
return 𝑂

and prompt embeddings 𝑃𝑡, 𝑗 ∈ R𝐵×𝑝×𝐷 , their respective means
(𝜇ℎ, 𝜎ℎ) and standard deviations (𝜇𝑝 , 𝜎𝑝 ) are calculated. These sta-
tistics are then concatenated with the query (𝑄), key (𝐾), and value
(𝑉 ) projections prior to the attention computation. The resultant at-
tention output is subsequently processed through a self-output layer,
yielding the Single Layer State. Algorithm 1 details this inner-layer
fusion process.
Cross-Layer Fusion. To integrate enhanced prompt information
across different layers, the Layer States of all preceding prompt
insertion layers are recursively aggregated. Specifically, at layer 𝑗 ,
the mean of all previously computed Layer States, stored in the
queue PreLayerStates, is calculated to derive an intermediate

aggregated state 𝑆 . This state 𝑆 is then fused with the current Layer
State 𝐿 𝑗 using StateFusion, which produces an updated Aggregated
State 𝐴 𝑗 . Such recursive fusion enriches contextual representations
by facilitating inter-layer information exchange. For the initial layer
where a prompt is inserted, 𝐴 𝑗 is formed from 𝐿 𝑗 directly, without
prior aggregation. Algorithm 2 details this cross-layer fusion process.

Algorithm 2 Cross-Layer Fusion Mechanism

Input: Hidden states 𝐻 ( 𝑗−1) ∈ R𝐵×𝑇×𝐷 , prompt slice 𝑃𝑡, 𝑗 ∈
R𝐵×𝑝×𝐷

Output: Aggregated state 𝐴 𝑗 , layer state 𝐿 𝑗

𝐿 𝑗 ← STATEFUSION(𝐻 ( 𝑗−1) , 𝑃𝑡, 𝑗 ) ⊲ See Algorithm 1
Append 𝐿 𝑗 to PreLayerStates
if 𝑗 > 1 then

P← STACK(PreLayerStates)
S← MEAN(P, dim = 1)
𝐴 𝑗 ← STATEFUSION(S, 𝐿 𝑗 )
if j is the last prompt-inserted index then

Set 𝐴 𝑗 as aggregated query 𝑞𝑠 or doc state 𝑑𝑠
end if

else
𝐴 𝑗 ← None

end if
return 𝐴 𝑗 , 𝐿 𝑗

Aggregated State. To further enhance contextual modeling, the Ag-
gregated State𝐴 𝑗 is prepended to the key and value sequences within
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the self-attention mechanism, alongside the prompt embeddings.
This modifies the standard attention input projections as follows:

𝑄 ( 𝑗 ) =𝑊𝑄𝐻
( 𝑗−1)

𝐾 ( 𝑗 ) =𝑊𝐾 [𝐴 𝑗 ; 𝑃𝑡, 𝑗 ;𝐻 ( 𝑗−1) ]

𝑉 ( 𝑗 ) =𝑊𝑉 [𝐴 𝑗 ; 𝑃𝑡, 𝑗 ;𝐻 ( 𝑗−1) ] .

(4)

This update enables the model to attend not only to the prompt
and hidden states within the current layer but also to the fused
representations accumulated from previous layers.

At the final prompt insertion layer: if the encoder is the query
encoder,𝐴 is assigned as the query state 𝑞𝑠 ; conversely, it is assigned
as the document state 𝑑𝑠 .

4.3 Generator-Guided Loss
This section introduces the Generator-Guided Loss, which aligns
retrieval and state-level distributions with generation signals to im-
prove RAG performance. We propose two losses: Retrieval Likeli-
hood Loss, which favors documents useful for generation, and Ag-
gregated State Loss, which aligns internal representations through
cross-layer fusion.
Retrieval Likelihood Loss. Following [29], we construct a generation-
aware retrieval distribution by leveraging the likelihood of gener-
ating the answer given each retrieved document. Given a query
𝑞, its corresponding answer 𝑦, and the top 𝑛 retrieved documents
𝐷 ′ = {𝑑1, 𝑑2, . . . , 𝑑𝑛}, the LLM-based distribution is defined as:

𝑄LM (𝑑𝑖 | 𝑞,𝑦) =
exp (PLM(𝑦 | 𝑑𝑖 , 𝑞)/𝛽)∑

𝑑 𝑗 ∈𝐷′ exp
(
PLM(𝑦 | 𝑑 𝑗 , 𝑞)/𝛽

) , (5)

where PLM(𝑦 | 𝑑𝑖 , 𝑞) denotes the logarithmic probability of gener-
ating the answer 𝑦 conditioned on the document 𝑑𝑖 and the query
𝑞, with 𝛽 serving as a temperature hyperparameter to adjust the
sharpness of the distribution.

Meanwhile, the retriever produces its own distribution over the
same set 𝐷 ′ based on similarity scores sim(𝑑𝑖 , 𝑞):

𝑃𝑅 (𝑑𝑖 | 𝑞) =
exp (sim(𝑑𝑖 , 𝑞)/𝛽)∑

𝑑 𝑗 ∈𝐷′ exp (sim(𝑑𝑖 , 𝑞)/𝛽)
, (6)

where 𝛽 is a temperature parameter. We minimize the Kullback-
Leibler (KL) divergence between 𝑃𝑅 and the LLM-derived distri-
bution 𝑄LM, encouraging the retriever to favor documents that are
more helpful for generation:

Lretrieval
KL =

1
|𝐵 |

∑︁
𝑥∈𝐵

KL (𝑃𝑅 (𝑑𝑖 | 𝑞) ∥𝑄LM (𝑑𝑖 | 𝑞,𝑦)) , (7)

where 𝐵 denotes the training batch.
Aggregated State Loss. To further align internal representations,
we introduce a state-level loss based on Cross-Layer Fusion outputs
(see Algorithm 2). For each query-document pair (𝑞, 𝑑𝑖 ), we extract
the fused query state 𝑞𝑠 and document state 𝑑𝑠𝑖 . Based on similarity
scores sim(𝑑𝑠𝑖 , 𝑞), we generate aggregated state scores:

𝑃𝑆 (𝑑𝑖 | 𝑞) =
exp (sim(𝑑𝑠𝑖 , 𝑞𝑠 )/𝛾)∑

𝑑 𝑗 ∈𝐷′ exp (sim(𝑑𝑠𝑖 , 𝑞𝑠 )/𝛾)
. (8)

Similar to the likelihood-based loss, we minimize the Kullback-
Leibler (KL) divergence between the state-based distribution 𝑃𝑆 and

the generation-informed distribution 𝑄LM:

Lstate
KL =

1
|𝐵 |

∑︁
𝑥∈𝐵

KL (𝑃𝑆 (𝑑𝑖 | 𝑞) ∥𝑄LM (𝑑𝑖 | 𝑞,𝑦)) . (9)

Total Loss. The final training objective jointly considers both the
retrieval likelihood loss and the aggregated state loss. To balance
their relative contributions, we introduce a weighting hyperparameter
𝜆 on the state-level term:

Ltotal = Lretrieval
KL + 𝜆 · Lstate

KL . (10)

Here, Lretrieval
KL ensures that the retriever distribution aligns with

generation-informed signals, while Lstate
KL further regularizes the

internal representations through state-level alignment. The hyper-
parameter 𝜆 provides flexibility in adjusting the strength of this
regularization.

5 Experiment Setup
5.1 Datasets
We evaluate our model on the following datasets:
• CovidQA [30]: Derived from CORD-19 [35], it contains 250,000

100-word passages from 5,000 papers (excluding abstracts), with
225,000 synthetic QA pairs (90% training, 10% validation) and
2,000 human-annotated test pairs [23].
• NewsQA [30]: Based on the NewsQA corpus [31], it includes

85,000 100-word passages from 10,000 articles, with 100,000
human-annotated QA pairs (90,000 training, 5,000 validation,
5,000 test) from CNN/DailyMail [6].
• ConvQA [30]: Built from QAConv [36], it comprises 110,000

100-word passages from 10,000 conversations, each prefixed with
ID and speaker, with 35,000 QA pairs (25,000 training, 5,000
validation, 5,000 test).
• NQ [14]: It contains 307,000 training QA pairs, 7,800 validation

pairs, and 7,800 test pairs from Wikipedia and the web.

5.2 Baselines
We compare our proposed model with several representative base-
lines, all of which use the same backbone retriever, Contriever [9],
as the standard dense retriever in our setting. For the RAG tasks, we
employ Qwen2.5 [38] and ChatQA2 [37], a Llama3.0-based model.
In this study, we focus on training the retriever while keeping the
generator frozen. During evaluation, we use the vllm framework [15]
to accelerate inference.

We compare our methods with the following baselines. (1) Con-
triever [9]: A strong unsupervised dense retriever trained on large-
scale corpora. It serves as the standard RAG baseline and represents
the performance of static retrievers without online adaptation. (2)
Atlas [11]: It applies a Perplexity Distillation loss that trains the
retriever to approximate the language model’s preference distribu-
tion over documents by assessing their impact on perplexity, also
using KL divergence. (3) End2EndRAG [30]: An end-to-end frame-
work that jointly optimizes the retriever and generator, providing
a more integrated retrieval-augmented generation system. (4) RE-
PLUG [28]: Treats the language model as a black box, augmenting it
with a tunable retriever that prepends retrieved documents, allowing
the model to indirectly supervise retrieval. (5) L2R [2]: A lifelong
learning approach for first-stage retrieval that maintains a memory
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Table 1: Comparison of methods across four QA datasets under three sequential training orders. We report both the final Retrieval
ACC@5 (%) and F1 scores (%) on each dataset after sequential training, along with the averaged performance (AVE.) and the
forgetting measure (Forget). We highlight the best results for each metric in bold.

Reader Train Order Methods CovidQA NewsQA ConvQA NQ AVE. Forget
ACC@5 F1 ACC@5 F1 ACC@5 F1 ACC@5 F1 ACC@5 F1 ACC@5 F1

Qwen2.5-7B [38]

Contriever 6.80 13.80 23.53 10.47 44.34 19.86 34.02 27.71 27.17 17.96 / /

Order 1

REPLUG 3.40 7.85 11.21 4.96 32.45 25.12 56.78 41.20 25.96 19.78 13.43 13.99
End2EndRAG 3.57 7.98 13.89 6.99 34.82 25.25 56.12 40.26 27.10 20.12 13.12 14.36

Atlas 2.36 5.17 12.52 8.80 28.22 22.72 52.21 38.41 23.83 18.78 12.83 12.53
L2R 4.59 10.29 21.39 13.92 40.03 34.00 54.79 41.40 30.20 24.90 6.57 6.57

Order 2

REPLUG 4.96 9.59 22.42 13.25 46.75 39.91 24.22 21.90 24.59 21.16 15.95 12.56
End2EndRAG 2.37 7.77 22.30 13.34 45.58 39.14 28.18 19.87 24.61 20.03 10.06 13.92

Atlas 0.28 7.30 23.51 12.71 41.22 36.17 21.75 22.73 21.69 19.73 17.69 13.40
L2R 4.65 10.62 28.16 19.60 44.18 38.74 38.79 30.75 28.95 24.93 9.52 6.83

Order 3

REPLUG 3.23 7.87 23.05 14.90 16.39 9.71 55.06 40.15 24.43 18.16 14.44 15.81
End2EndRAG 3.46 7.60 19.50 15.01 12.27 6.14 56.38 40.61 22.90 17.34 16.33 16.44

Atlas 4.42 5.66 24.99 12.87 12.27 5.24 43.85 38.03 21.38 15.45 14.67 18.75
L2R 5.15 13.20 27.98 17.57 24.87 19.13 55.07 39.21 28.27 22.28 9.11 8.03

FlowRAG(ours) 10.88 20.54 29.98 22.03 41.95 35.89 53.24 41.08 34.01(+3.81) 29.89(+4.96) 0(+9.11) 0(+8.03)

Llama3-8B [37]

Contriever 6.80 17.29 23.53 19.40 44.34 29.38 34.02 40.11 27.17 26.55 / /

Order 1

REPLUG 2.98 12.16 13.35 11.02 25.23 28.60 56.46 53.86 24.51 26.41 13.22 10.66
End2EndRAG 3.00 11.33 11.15 12.74 27.72 25.02 54.89 50.87 24.19 24.99 15.98 9.44

Atlas 1.25 10.67 10.51 9.87 23.87 20.85 53.84 52.68 22.37 23.52 15.16 11.09
L2R 7.98 15.11 21.77 14.26 29.60 27.40 58.44 52.17 29.45 27.24 5.16 4.84

Order 2

REPLUG 1.97 10.31 17.03 15.95 39.79 33.88 21.52 28.56 20.08 22.18 18.99 11.13
End2EndRAG 1.51 10.42 15.15 16.63 45.71 38.00 12.61 30.75 18.75 23.95 22.71 10.32

Atlas 2.53 12.97 16.99 16.70 44.66 36.67 17.86 26.70 20.51 23.26 21.09 11.42
L2R 6.15 16.98 27.85 22.03 43.70 37.80 39.84 35.84 29.39 28.16 8.57 3.85

Order 3

REPLUG 3.55 12.96 10.45 10.78 9.54 9.79 50.39 42.63 18.48 19.04 15.84 13.29
End2EndRAG 2.72 10.63 22.34 16.00 12.30 12.43 55.20 44.40 23.14 20.87 16.68 14.11

Atlas 4.95 14.92 19.70 15.24 14.48 9.46 53.70 44.72 23.21 21.09 15.42 13.74
L2R 7.92 18.48 24.15 20.71 24.44 23.74 56.29 43.13 28.20 26.52 7.16 5.25

FlowRAG(ours) 12.34 22.92 32.36 24.21 45.69 37.38 53.44 43.49 35.96 (+6.51) 32.00 (+3.84) 0 (+7.16) 0 (+5.25)

Table 2: Parameter efficiency comparison

Method # Trainable Params Percentage

Fine-tuning 110M 100%
FlowRAG (ours) 0.63M 0.64%

buffer of support negatives and incorporates a diverse negative selec-
tion strategy and ranking alignment objective, avoiding costly index
rebuilding.

5.3 Evaluation Metrics
We evaluate our models using three complementary metrics: Top-𝑘
retrieval accuracy, average F1, and forgetting score.

Top-𝑘 Retrieval Accuracy. Following [30], we evaluate the ef-
fectiveness of the retriever using the Top-𝑘 retrieval accuracy. Specif-
ically, this metric checks whether the ground-truth answer appears in
any of the top 𝑘 retrieved passages. In our experiments, we set 𝑘 = 5.
For brevity, we denote the Top-5 retrieval accuracy as ACC@5 in
all result tables.

F1 Score. The F1 score is calculated as the harmonic mean of
precision and recall at the token level.

We present the mean F1 score across all test sets following train-
ing on the final task 𝑇 .

Forgetting Score. To quantify catastrophic forgetting, we define
the forgetting score for each intermediate task 𝐷𝑖 (𝑖 < 𝑇 ) as:

Forget𝐷𝑖
= max

𝑡≤𝑇
F1𝑡 (𝐷𝑖 ) − F1𝑇 (𝐷𝑖 ), (11)

where F1𝑡 (𝐷𝑖 ) denotes the F1 on 𝐷𝑖 after training on task 𝑡 . The
total forgetting is then the average over all tasks except the last:

Total Forgetting =
1

𝑇 − 1

𝑇−1∑︁
𝑖=1

Forget𝐷𝑖
. (12)

A lower total forgetting score indicates better retention of earlier
tasks.

6 Experimental Evaluation
6.1 Evaluation Framework
To evaluate the continual learning capability of our proposed method
and baselines, we adopt a sequential training and evaluation frame-
work across four datasets: CovidQA, NewsQA, ConvQA, and NQ.
This setting simulates a realistic scenario where tasks arrive incre-
mentally, requiring the retriever to adapt to new domains while
preserving knowledge from previous tasks.

We consider three training orders by randomly permuting the
datasets:

(1) CovidQA→ NewsQA→ ConvQA→ NQ
(2) CovidQA→ NQ→ NewsQA→ CovidQA



FlowRAG: Continual Learning for Dynamic Retriever in Retrieval-Augmented Generation WWW ’26, April 13–17, 2026, Dubai, United Arab Emirates.

Cov
idQ

A

New
sQ

A

Con
vQ

A NQ
AVE

0

20

40

60

Sc
or

es
 (%

)

6.80

23.53

44.34

34.02
27.17

7.14

24.93

45.69
53.44

32.80

ACC@5

Cov
idQ

A

New
sQ

A

Con
vQ

A NQ
AVE

0

20

40

60

9.54

32.44

50.86

39.66
33.12

11.54

36.44

55.63 57.36

40.24

ACC@10

Cov
idQ

A

New
sQ

A

Con
vQ

A NQ
AVE

0

20

40

60

13.29

42.27

58.56

47.95
40.52

15.69

44.83

62.28 59.19

45.50

ACC@20

Cov
idQ

A

New
sQ

A

Con
vQ

A NQ
AVE

20

30

40

50

Sc
or

es
 (%

)

17.29
19.40

29.38

40.11

26.55
22.92 24.21

37.38

43.49

32.00

F1@5

Cov
idQ

A

New
sQ

A

Con
vQ

A NQ
AVE

20

30

40

50

20.18
23.55

35.82

41.49

30.26

22.31
26.21

38.82

43.91

33.81

F1@10

Cov
idQ

A

New
sQ

A

Con
vQ

A NQ
AVE

20

30

40

50

22.51
25.68

39.16

44.19

32.88

25.51
28.95

43.16
47.19

35.95

F1@20

Contriever FlowRAG (ours)

Figure 3: Comparison of Top-k Retrieval Accuracy (ACC) and F1 scores across multiple datasets for the Top-5 (left), Top-10 (middle),
and Top-20 (right) retrieval settings

(3) ConvQA→ CovidQA→ NewsQA→ NQ
Training Phase. In each phase, we sample 1,000 QA pairs from

the training set of each dataset (approximately 1.6%–20% of the
dataset), simulating a continual-learning scenario with 𝑇 tasks. For
all methods, we retrieve the top-5 documents per query to provide
context to the generator; alternative choices are explored in Sec-
tion 6.3.

Baselines. For fine-tuning methods, we train the retriever with
AdamW, using a learning rate of 1 × 10−5 and a warm-up ratio of
0.1. For L2R, we follow the experimental setup from the original
paper [2].

Proposed method. We set the prompt length to 150 and insert
the prompts into encoder layers 1–7. The retriever is trained with
AdamW (learning rate 5×10−3, warm-up ratio 0.1). The KL-divergence
temperature for retrieval-likelihood alignment is 0.1, and for aggregated-
state alignment it is 1. We set 𝛽 = 0.6 in Eq. (10).

Evaluation Phase. After training on each dataset (phase 𝑡), we
evaluate the model on the test sets of all previously seen datasets.
This yields a 𝑇 ×𝑇 matrix of Top-5 Retrieval ACC and F1 scores,
where 𝑇 is the number of tasks.

6.2 Experimental Results and Analysis
Table 1 reports the final results on each dataset after sequential train-
ing. Detailed results on the changes throughout every sequential train-
ing step can be found in Appendix C. Overall, our FlowRAG demon-
strates a significant advantage over all baseline methods across four
datasets and different training orders, highlighting the effectiveness
of our approach. We make the following key observations:

(1) Superior Performance. Our proposed FlowRAG consistently
outperforms existing methods across a range of datasets and training
orders. On the Llama model, FlowRAG achieves 35.96% ACC@5
and 32.00% F1, outperforming L2R by 6.95% in ACC@5 and 4.7%
in F1. In Orders 1, 2, and 3, FlowRAG surpasses L2R by 6.51%,
6.57%, and 7.76% in ACC@5, and by 4.8%, 3.8%, and 5.5% in

F1, respectively. These improvements are consistent across different
training orders and generalize well to other models, such as Qwen2.5-
7B. This demonstrates the broad applicability and robustness of our
method.

(2) Better Performance for Generation Tasks. While L2R
performs well in sequential retrieval tasks, FlowRAG excels in
generation tasks. This is reflected in the results, where FlowRAG
consistently outperforms L2R in both retrieval accuracy and F1
scores across multiple datasets and training orders. For example,
on the Llama model, FlowRAG achieves a +6.51% improvement in
ACC@5 and +4.96% improvement in F1 on the NQ dataset com-
pared to L2R.

(3) Reduced Forgetting. Sequential fine-tuning baselines ex-
hibit substantial degradation on earlier tasks, and L2R only partially
mitigates this issue. In contrast, FlowRAG maintains stable perfor-
mance across tasks without explicit replay. By assigning task-specific
prompt embeddings, FlowRAG preserves previously learned knowl-
edge and avoids interference during continual training. As a result,
it achieves strong retrieval accuracy and F1 across different training
orders while showing no noticeable forgetting, making it well-suited
for continual retrieval on evolving corpora.

(4) Parameter Efficiency. Additionally, as shown in Table 2, fine-
tuning the Contriever model1 involves updating all 110M parameters.
In contrast, FlowRAG introduces six layers of prompt embeddings,
each with a length of 150 for a task, updating only 0.63M parameters.
This represents just 0.64% of the total model parameters, showcasing
the parameter efficiency of our approach.

6.3 Ablation Study
Table 3 presents an ablation study evaluating the contribution of
each component in our framework on two representative readers.
We compare three variants: (1) w/ Contriever, which uses a frozen

1https://huggingface.co/facebook/contriever

https://huggingface.co/facebook/contriever
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Figure 4: Impact of insertion layer (left) and prompt length (right) on the performance

Table 3: Ablation results

Method Qwen2.5-7B Llama3-8B
ACC@5 F1 ACC@5 F1

w/ Contriever 27.17 17.96 27.17 26.55
w/ Prompt + RLLoss 31.64 27.68 32.77 30.16
w/ Cross-Layer Fusion + ASLoss 34.01 29.89 35.96 32.00
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Figure 5: The impact of the hyperparameter 𝜆. The left shows
the Retrieval ACC@5, and the right shows the F1 score.

retriever without optimization; (2) w/ Prompt + RLLoss, which
applies prompt tuning with the Retrieval Likelihood loss to better
align retrieval with generation; and (3) w/ Cross + ASLoss (Full),
which further introduces cross-layer fusion and the Aggregated State
loss.

Overall, adding prompt tuning and RLLoss consistently improves
over the frozen retriever, with notable gains in F1, indicating stronger
retrieval–generation alignment. Our full model achieves the best
ACC@5 and F1 on both Qwen2.5-7B and Llama3-8B, validating the
effectiveness of combining architectural fusion with state-aggregated
supervision.

Figure 3 further compares FlowRAG with the Contriever base-
line across datasets under different retrieval depths (top-5/10/20).
FlowRAG consistently outperforms the baseline, and the gap gen-
erally widens as more documents are retrieved. For example, on
NQ, ACC@5 increases from 34.02% to 53.44%, with further im-
provements at ACC@10 and ACC@20. Similar trends hold for F1,
demonstrating the robustness of FlowRAG under deeper retrieval.

6.4 Sensitivity Analysis
We conduct a sensitivity analysis on three hyperparameters that af-
fect FlowRAG’s performance: (1) the number of insertion layers, (2)
the input prompt length, and (3) the loss weighting factor. Unless

otherwise stated, we vary the insertion layer with a fixed prompt
length of 150 tokens, and vary the prompt length with a fixed in-
sertion depth of 6. We also study the weighting parameter 𝜆 that
balances the two generator-guided loss terms in Section 4.3.

Insertion Layer. The left two plots in Figure 4 show that both
Retrieval ACC@5 and F1 peak when inserting at layers 1–7 (33.5%
and 30.2%, respectively), while performance drops sharply at deeper
layers (8–9). This suggests that too shallow insertion limits capacity,
whereas overly deep insertion may introduce noise and dilute salient
information, degrading both retrieval and generation.

Prompt Length. The right two plots in Figure 4 indicate a non-
monotonic effect of prompt length. Retrieval ACC@5 is low with
very short prompts, peaks at 150 tokens (32.5%), and then declines.
F1 exhibits a similar but milder trend, also performing best at 150
tokens (29.7%). These results suggest that adequate context is bene-
ficial, but overly long prompts may introduce irrelevant details.

Loss Weighting. We further examine the balance between the
retrieval likelihood loss and the state prediction loss by setting

Ltotal = Lretrieval
KL + 𝜆 · Lstate

KL .

Figure 5 reports results on both Qwen2.5-7B and Llama3-8B across
different 𝜆. When 𝜆 = 0, using only the retrieval loss yields sub-
optimal performance. Increasing 𝜆 improves both ACC@5 and F1,
with the best results at 𝜆 = 0.6. Beyond this point, performance
degrades, suggesting that over-weighting the state loss can over-
constrain the retriever and hurt factual document selection. Overall,
𝜆 = 0.6 provides the best trade-off.

7 Conclusion
In this paper, we presented FlowRAG, a lightweight and effective
approach for continual retriever adaptation in Retrieval-Augmented
Generation (RAG) with evolving document collections. FlowRAG
introduces Layer-wise Prompt Embeddings and a Cross Layer Fu-
sion mechanism to capture hierarchical semantics, along with a
Generator-Guided Loss that aligns retrieval with generation like-
lihoods. Experiments on dynamic retrieval benchmarks show that
FlowRAG consistently outperforms strong baselines in both retrieval
and generation, while mitigating catastrophic forgetting. Our method
provides a robust and parameter efficient solution for adaptive RAG.
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A Experiemnt Details
A.1 Prompt Template
The prompt template to generate the response in the experiment is
show in Figure 6.

Figure 6: The prompt to generate the response in the experiment.

B Device
This information about the device currently used in the experiment
is list in 4.

Table 4: device information.

Detail

CPU Intel Xeon Platinum 8368Q
GPU 2× NVIDIA A100 80GB
CUDA Version 12.8

C Result Details

Table 5: Detailed Performance on Training Order 1

Train on→ CovidQA NewsQA ConvQA NQ

ACC@5 F1 ACC@5 F1 ACC@5 F1 ACC@5 F1

REPULG
CovidQA 11.22 21.77
NewsQA 8.70 18.42 31.84 24.10
ConvQA 4.79 15.44 22.85 19.90 38.16 37.89
NQ 2.98 12.16 13.35 11.02 25.23 28.60 56.46 53.86

EndEndRAG
CovidQA 10.76 21.16
NewsQA 7.47 16.51 32.62 23.65
ConvQA 4.45 15.59 22.13 18.90 46.44 32.61
NQ 3.00 11.33 11.15 12.74 27.72 25.02 54.89 50.87

Atlas
CovidQA 11.90 20.57
NewsQA 7.14 17.56 29.35 20.78
ConvQA 5.11 14.12 19.31 15.30 39.87 33.30
NQ 1.25 10.67 10.51 9.87 23.87 20.85 53.84 52.68

L2R
CovidQA 11.27 21.07
NewsQA 10.68 19.94 29.17 21.47
ConvQA 9.14 18.29 26.08 18.47 39.56 33.57
NQ 7.98 15.11 21.77 14.26 29.60 27.40 58.44 52.17

Table 6: Detailed Performance on Training Order 2

Train on→ CovidQA NQ NewsQA ConvQA

ACC@5 F1 ACC@5 F1 ACC@5 F1 ACC@5 F1

REPULG
CovidQA 11.22 21.16
NQ 6.12 18.94 57.21 44.93
NewsQA 2.70 14.95 40.71 35.84 29.05 22.13
ConvQA 1.97 10.31 21.52 28.56 17.03 15.95 39.79 33.88

EndEndRAG
CovidQA 10.76 20.57
NQ 5.34 14.96 54.43 43.96
NewsQA 2.64 12.96 37.83 37.98 32.21 24.22
ConvQA 1.51 10.42 12.61 30.75 15.15 16.63 45.71 38.00

Atlas
CovidQA 11.90 21.77
NQ 7.34 18.77 55.84 44.68
NewsQA 3.42 15.99 35.81 33.25 32.91 24.18
ConvQA 2.53 12.97 17.86 26.70 16.99 16.70 44.66 36.67

L2R
CovidQA 11.75 21.88
NQ 9.50 19.46 55.56 44.13
NewsQA 7.97 18.59 47.34 39.08 32.24 24.24
ConvQA 6.15 16.98 39.84 35.84 27.85 22.03 43.70 37.80

Table 7: Detailed Performance on Training Order 3

Train on→ ConvQA CovidQA NewsQA NQ

ACC@5 F1 ACC@5 F1 ACC@5 F1 ACC@5 F1

REPULG
ConvQA 38.87 33.22
CovidQA 29.09 25.30 12.69 22.88
NewsQA 17.07 18.10 6.08 17.83 19.49 17.30
NQ 9.54 9.79 3.55 12.96 10.45 10.78 50.39 42.63

EndEndRAG
ConvQA 43.44 35.94
CovidQA 32.96 29.15 13.03 22.85
NewsQA 19.96 20.41 7.42 15.76 30.92 22.61
NQ 12.30 12.43 2.72 10.63 22.34 16.00 55.20 44.40

Atlas
ConvQA 41.87 35.30
CovidQA 33.81 28.29 12.75 22.38
NewsQA 21.70 14.38 9.59 19.52 30.76 23.16
NQ 14.48 9.46 4.95 14.92 19.70 15.24 53.70 44.72

L2R
ConvQA 41.60 35.98
CovidQA 37.39 32.86 12.95 24.59
NewsQA 28.10 27.13 10.31 21.99 30.60 23.35
NQ 24.44 23.74 7.92 18.48 24.15 20.71 56.29 43.13

Table 5 – 7 report detailed results for all methods under three
sequence orders, using the Llama model as the generator:

(1) CovidQA→ NewsQA→ ConvQA→ NQ
(2) CovidQA→ NQ→ NewsQA→ CovidQA
(3) ConvQA→ CovidQA→ NewsQA→ NQ
We report two evaluation metrics: (1) Top-5 retrieval accuracy.

(2) F1 score.
Baselines. For fine-tuning methods, we train the retriever with

AdamW, using a learning rate of 1 × 10−5 and a warm-up ratio of
0.1. For L2R, we follow the experimental setup from the original
paper [2].
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