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Abstract
Retrieval-Augmented Generation (RAG) has become a foundational
paradigm for integrating AI agents with external knowledge. How-
ever, current RAG models remain largely constrained by static re-
trieval pipelines and limited capacity for adaptive reasoning over hi-
erarchical knowledge structures. As AI agents increasingly operate
in dynamic, information-rich environments, there is a growing need
for models that can reason across modalities while continuously
evolving their knowledge representations. We introduce HFlow,
a self-evolving multimodal agentic RAG framework grounded in
hypergraph representations and hyperbolic flow-based reasoning.
In our formulation, heterogeneous modalities, including text, im-
ages, audio, and structured data, are modelled as nodes within a
multimodal hypergraph, while hyperedges capture higher-order
semantic and cross-modal relationships. By embedding this struc-
ture in hyperbolic space, the framework preserves hierarchical
and compositional knowledge. This work proposes a shift from
static retrieval to continuous knowledge navigation, where rea-
soning emerges through geometry-aware traversal of multimodal
knowledge manifolds. The proposed framework unifies retrieval,
reasoning, and adaptation within a single agentic architecture, of-
fering a new direction for scalable, context-aware AI models. We
discuss early empirical evidence demonstrating improved robust-
ness and reasoning flexibility compared to conventional Euclidean
and pipeline-based multimodal RAG approaches and outline future
opportunities for self-improving knowledge agents.

CCS Concepts
• Information systems → Search interfaces; Novelty in infor-
mation retrieval.
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1 Introduction
Retrieval-Augmented Generation (RAG) has emerged as a para-
digm for improving AI agents by incorporating external knowledge
into generative models [25]. RAG improves the accuracy, inter-
pretability, and adaptability of facts [29]. However, conventional
RAG models remain limited in complex real-world scenarios [5]. In
particular, existing approaches typically rely on static embeddings,
struggle to integrate heterogeneous multimodal information, and
fail to capture hierarchical or higher-order relationships between
knowledge entities [25]. These limitations restrict their ability to
support the adaptive, goal-directed reasoning required in real-world
scenarios [27]. The challenges are more pronounced in multimedia
retrieval and agentic decision-making tasks such as multimodal
planning and knowledge-guided reasoning [32]. Traditional multi-
media retrieval frameworks are often designed for single modalities
or pairwise relationships and therefore cannot fully model contex-
tual dependencies across heterogeneous information channels [38].
As a result, most existing RAG models are limited when handling
tasks that involve complex dynamic reasoning as new evidence or
context becomes available [24].

Euclidean embedding models struggle to preserve hierarchical
structure and semantic generalisation, as distances grow linearly
and cannot efficiently represent exponentially expanding tree-like
relationships [17]. Beyond geometric limitations, most existing
RAG models often require retraining or fine-tuning to incorporate
updated representations, limiting adaptability in dynamic environ-
ments [35]. For tasks such as goal-directed planning, static embed-
ding models impose limitations on multi-step reasoning [32]. Effec-
tive planning requires modelling trajectories through structured
state spaces, where actions induce transitions, and intermediate de-
cisions dynamically reshape subsequent retrieval and inference [3].
This process is inherently sequential and relational: each step con-
ditions the next, forming a dependency chain over evolving states
rather than isolated queries in a fixed embedding space [27]. As a
result, the model becomes limited in coherent reasoning, ensuring
consistency between intermediate decisions, or adapting retrieval
strategies as the plan unfolds [10, 25]. Consequently, trajectory-
aware decision-making and structured multi-step planning remain
under-supported in static embedding frameworks [16].

To address these issues, we propose the HFlow model as a new
paradigm for agentic RAG models. Specifically, we integrate multi-
modal hypergraphs, hyperbolic embeddings, and flow-based reason-
ing. For multimodal reasoning, we aggregate text, image, audio, and
structured knowledge via higher-order hyperedges with tangent-
space attention. We hypothesise that this design allows agents to
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retrieve, reason, and generate knowledge within a coherent geomet-
ric representation, supporting contextual awareness, adaptability,
and scalable multimodal integration.

Contributions
We propose a framework that integrates multimodal hyperbolic
representation learning with flow-based embedding evolution. The
framework provides the following key contributions:

• MultimodalRepresentation Learning:Knowledge is struc-
tured as a multimodal hypergraph, where nodes represent
heterogeneous entities such as text, images, audio, and struc-
tured data. Hyperedges model higher-order relationships,
capturing complex contextual interactions that spanmultiple
modalities simultaneously.

• Hyperbolic Embeddings for Hierarchical Semantics:
Node embeddings are learned by the model in hyperbolic
space, which supports hierarchical and tree-like semantic
relationships [17]. We hypothesise that this enables compact,
expressive representations while improving generalisation
across related concepts.

• Flow-Based Agentic Reasoning: A hyperbolic flow vec-
tor field governs the evolution of agent embeddings across
the hypergraph. This allows agents to perform multi-step,
goal-directed reasoning while dynamically adapting as new
information is retrieved or inferred.

• Self-Evolving Agent Behaviour: The framework supports
continuous learning by allowing agents to incorporate new
nodes and hyperedges without full model retraining. This
enables adaptive and scalable knowledge expansion.

The framework is positioned in a new paradigm for agentic
Retrieval-Augmented Generation (RAG). Agents retrieve, reason,
and generate knowledge within an end-to-end geometric repre-
sentation that supports contextual awareness, adaptability, and
scalable multimodal integration. This design enables the develop-
ment of self-evolving AI agents capable of continuous learning,
cross-modal reasoning, hierarchical knowledge modelling, and goal-
directed planning.

2 Related Work
Recent advances in multimodal representation learning, hyper-
graph neural networks, and retrieval-augmented generation (RAG)
have significantly improved themodelling and integration of hetero-
geneous information sources [10]. Multimodal foundation models,
such as CLIP [26] and ALIGN [20], have shown potential in cross-
modal alignment by learning shared embedding spaces in vision
and language models [15]. Graph-based RAG frameworks capture
higher-order relationships among entities beyond pairwise interac-
tions, enabling richer relational modelling. In parallel, models such
as RAG [21] and REALM [15] improve reasoning by incorporating
external knowledge during inference.

Despite these advances, several limitations remain. Multimodal
foundation models mainly optimise for representation alignment
rather than structured reasoning. Although they embed heteroge-
neous modalities in a shared latent space, they do not explicitly
model higher-order relational dependencies or evolving knowledge
structures [35]. Their reasoning capabilities remain implicit within

dense vector representations and lack explicit mechanisms for rela-
tional composition or iterative refinement [9]. Graph-based meth-
ods partially address this limitation by modelling relational data;
however, most approaches operate in Euclidean space, which con-
strains their ability to efficiently represent hierarchical or tree-like
knowledge structures [25]. Hyperbolic models have been proposed
to address this issue by enabling more compact representations of
hierarchical structures. However, they still face limitations in effec-
tively integrating and interacting with external knowledge sources
[17]. Moreover, retrieval is typically driven by a single query and
lacks iterative feedback loops, preventing the system from refining
its reasoning strategy based on intermediate results [25].

To address these limitations, we propose a self-evolving agentic
RAG framework that unifies geometric relational modelling, adap-
tive retrieval, and iterative reasoning. In this framework, knowledge
is organised as a dynamic hypergraph rather than a collection of
independent documents, allowing more effective representation of
higher-order and cross-modal relationships. Embedding this hyper-
graph in an appropriate geometric space, such as a hyperbolic space
for hierarchical structures, enables efficient modelling of compo-
sitional and tree-like knowledge. Retrieval operates on structured
subgraphs, supporting relational reasoning rather than context ac-
cumulation [35]. We propose a RAG framework that transforms
retrieval from a static augmentation mechanism into an adaptive
self-improving process. Beyond passive retrieval, the model evolves
through interaction, relational weights are adjusted according to
task success, and knowledge is reorganised hierarchically to im-
prove future reasoning efficiency.

3 Proposed Framework
Our proposed framework integrates multimodal representation
learning and flow-based reasoning to enable adaptive model rea-
soning.We hypothesise that this design supports a geometry-aware,
self-evolving agentic retrieval-augmented generation (RAG) frame-
work, enhancing scalability, reasoning fidelity, and adaptability
for complex multimodal tasks such as planning and contextual
knowledge synthesis.

3.1 Hyperbolic Embedding Space
To preserve hierarchical and tree-like relational structures, nodes
are embedded into a 𝑑-dimensional hyperbolic manifold (H𝑑 , 𝑔):

𝑥𝑣 ∈ H𝑑 , ∀𝑣 ∈ V, (1)

where 𝑔 denotes the Riemannian metric tensor [17]. By embedding
nodes on a hyperbolic manifold, the model organises high-level
conceptual representations closer to the origin of the manifold
while placing modality-specific or fine-grained entities near the
boundary [13]. Using the Poincaré ball model [11], the geodesic
distance between nodes 𝑢 and 𝑣 is defined as follows:

𝑑𝑔 (𝑥𝑢 , 𝑥𝑣) = arcosh
(
1 + 2

∥𝑥𝑢 − 𝑥𝑣 ∥2

(1 − ∥𝑥𝑢 ∥2) (1 − ∥𝑥𝑣 ∥2)

)
. (2)

Hyperbolic geometry enables exponential volume growth, allow-
ing efficient representation of hierarchical knowledge and multi-
level semantic dependencies [24].
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3.2 Tangent-Space Hyperedge Aggregation
For a node 𝑥 ∈ H𝑑 , let E(𝑥) denote the set of incident hyperedges.
Since aggregation operations are not directly defined in curved
manifolds, we project neighbouring embeddings into the tangent
space 𝑇𝑥H𝑑 using the logarithmic map [23]. For each hyperedge
𝑒 ∈ E(𝑥), the multimodal contextual representation is defined as
follows:

ℎ𝑒 = Agg
({

log𝑥 (𝑥 𝑗 ) | 𝑥 𝑗 ∈ 𝑒 \ {𝑥}
})

, (3)
where log𝑥 (·) denotes the logarithmicmap andAgg(·) is a permutation-
invariant operator such as mean, sum, or attention pooling. To
model contextual relevance, hyperedge importance weights are
computed as follows:

𝛼𝑒 =
exp

(
− 1

𝜏
∥ℎ𝑒 ∥𝑔

)∑
𝑒′∈E (𝑥 ) exp

(
− 1

𝜏
∥ℎ𝑒′ ∥𝑔

) , (4)

where 𝜏 is a temperature parameter that controls the sharpness of
the attention distribution.

3.3 Flow-Based Agentic Embedding Evolution
Agent behaviour is modelled as a time-dependent vector field de-
fined on the tangent bundle of the hyperbolic manifold.

𝑣𝜃 (𝑥, 𝑠, 𝑡) =
∑︁

𝑒∈E (𝑥 )
𝛼𝑒𝑊𝜃 (ℎ𝑒 , 𝑏𝑒 , 𝑠, 𝑡), (5)

where 𝑏𝑒 denotes the behavioural semantics associated with hyper-
edge 𝑒 , and𝑊𝜃 is a learnable mapping producing tangent vectors
in 𝑇𝑥H𝑑 . The embedding evolution from time 𝑠 to 𝑡 is defined via
the exponential map [23]:

𝑋𝑠,𝑡 (𝑥𝑠 ) = exp𝑥𝑠 ((𝑡 − 𝑠) 𝑣𝜃 (𝑥𝑠 , 𝑠, 𝑡)) . (6)

We hypothesise that this formulation enables multi-step reason-
ing by modelling embedding trajectories as goal-directed flows over
hierarchical relational manifolds.

3.4 Cross-Modal Stochastic Interpolation
To model exploration, uncertainty, and knowledge expansion, we
introduce stochastic interpolation along geodesic trajectories:

𝐼𝑡 (𝑥0, 𝑥1) = exp𝑥0

(
𝛼𝑡 log𝑥0 (𝑥1)

)
, 𝛼𝑡 ∈ [0, 1] . (7)

The corresponding velocity field is:

¤𝐼𝑡 = 𝛼 ′
𝑡

log𝑥𝑡 (𝑥1)
1 − 𝛼𝑡

. (8)

We propose a mechanism to enable dynamic knowledge integra-
tion and facilitate continuous learning without requiring complete
model retraining, by adding Gaussian noise [11] in the tangent
space, creating a hyperbolic diffusion process along the geodesic:

𝐼
noisy
𝑡 = expx0

(
𝛼𝑡 logx0 (x1) + 𝝐𝑡

)
, 𝝐𝑡 ∼ N(0, 𝜎2I) (9)

3.5 Multimodal Retrieval and Generation
After agentic flow evolution, the updated embedding is computed
as follows:

𝑥𝑢 = 𝑋0,1 (𝑥𝑢 ). (10)
Candidate items are ranked using hyperbolic similarity scoring:

score(𝑢, 𝑖) = −𝑑𝑔 (𝑥𝑢 , 𝑥𝑖 ). (11)

This distance-aware retrieval strategy jointly captures the align-
ment of modalities, hierarchical relationships, and contextual rele-
vance.

3.6 Scalability, Expressivity, and Efficiency
Analysis

Beyond computational efficiency, our proposed framework is de-
signed to balance representational expressivity, adaptive reasoning,
and scalability. We analyse these aspects jointly. Let 𝑁 = |V| de-
note the number of nodes, 𝐸 = |E | the number of hyperedges, 𝑘 the
average cardinality of the hyperedge, 𝑑 the embedding dimension
and 𝑇 the number of flow evolution steps.

Memory Complexity = O(𝑑𝑁 + 𝑑𝑘𝐸), (12)

Flow Complexity = O(𝑇𝑑𝑘𝐸) . (13)

Compared to pairwise graph models (O(𝑑 |𝐸 |)), the additional
factor 𝑘 reflects higher-order relational modelling, which is essen-
tial to capture cross-modal dependencies but introduces moderate
overhead.

Expressivity vs. Euclidean Representations. Unlike Euclidean em-
beddings, hyperbolic space provides exponential volume growth,
enabling compact encoding of hierarchical and long-tail structures.
This is beneficial in recommendation settings where item distribu-
tions are highly skewed. The gain is not necessarily reflected in
aggregate ranking metrics alone, but becomes more pronounced in
cold-start scenarios and multi-hop relational reasoning [41].

Flow-Based Reasoning vs. Static Retrieval. Conventional retrieval
models (e.g., dual encoders or CLIP-style similarity) perform single-
step alignment. In contrast, the proposed flow formulation models
retrieval as a trajectory optimisation process in latent space:

𝑑x(𝑡)
𝑑𝑡

= v𝜃 (x(𝑡),H , 𝑡) . (14)

This enables iterative refinement of representations, approximat-
ing multi-step reasoning without explicit discrete retrieval loops.
Importantly, the current implementation uses a fixed number of
steps 𝑇 , which limits the observable advantage over strong static
baselines. Increasing 𝑇 or introducing adaptive stopping criteria is
expected to widen this gap.

Dynamic Update Efficiency. A key advantage of the framework
is that new nodes or hyperedges can be incorporated without re-
training. The cost of an update is:

O(𝑑 · deg(𝑒new)), (15)

where deg(𝑒new) is the size of the new hyperedge. This contrasts
with standard RAG or embedding models that require periodic
retraining to reflect new knowledge. The framework introduces
three main trade-offs: (i) Higher-order modelling (hypergraphs) vs.
computational overhead, (ii) Flow-based reasoning vs. increased
inference cost (𝑇 steps), and (iii) Hyperbolic geometry vs. optimisa-
tion complexity. However, these trade-offs are justified in scenarios
that require adaptive reasoning, dynamic knowledge integration,
and multimodal relational understanding.
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4 Discussion
The proposed framework establishes a unified paradigm for next-
generation multimedia retrieval, integrating multimodal informa-
tion and enabling agentic reasoning through flow-based embedding
evolution [5, 22, 24]. The model provides a scalable foundation for
multimedia retrieval in heterogeneous data ecosystems [38]. In
terms of scalability and efficiency, let 𝑁 = |V| denote the number
of nodes, 𝐸 = |E | the number of hyperedges, 𝑘 the average cardinal-
ity of the hyperedge,𝑑 the embedding dimension, and𝑇 the number
of flow evolution steps. Memory requirements scale asO(𝑑𝑁+𝑑𝑘𝐸),
accounting for both node embeddings and hyperedge contextual
representations, and the computational cost of agentic flow evo-
lution is O(𝑇𝑑𝑘𝐸). By integrating hyperbolic flows [2], stochastic
diffusion, and multimodal hypergraphs, the proposed framework
establishes an agentic, adaptive RAG paradigm. This formula-
tion enables self-evolving agents capable of multi-step reasoning,
continuous knowledge integration, and context-aware generation.

5 Discussion
The proposed framework introduces a unified perspective on mul-
timodal retrieval by jointly modelling geometry, structure, and rea-
soning dynamics. Rather than treating retrieval as a static similarity
matching problem, we reformulate it as a continuous trajectory
optimisation process over a structured latent space. The model is
designed to address key limitations of existing approaches in sce-
narios such as: (i) dynamic environments, where new items or
events can be incorporated without retraining; (ii) long-tail recom-
mendation, where hyperbolic geometry improves generalisation
in sparse regions; (iii) multi-hop reasoning, where flow-based
trajectories approximate iterative retrieval; and (iv) cross-modal
interaction, where hyperedges capture higher-order relationships
beyond pairwise alignment.

Future work will focus on incorporating adaptive flow depth,
improving hyperedge construction strategies, and extending eval-
uation to more challenging settings. In particular, evaluating the
model onmulti-hop and temporal retrieval benchmarks will provide
a more comprehensive assessment of its reasoning and adaptation
capabilities.

6 Use Case: Self-Evolving Travel Assistant
To illustrate the applicability of our framework, we consider an
AI travel recommendation task that generates personalised city
itineraries based on user interests, budget, and time constraints.
Contextual information, such as weather updates, newly introduced
attractions, or scheduling conflicts, dynamically affects recommen-
dations, allowing the model to maintain a contextually optimised
and adaptive travel experience (Figure 1). We position this use case
in an emerging class of agent-based recommender systems (RSs)
that continually improve through user interactions, environmental
feedback, and newly available knowledge [8].

Step 1: User queries “3-day art + music trip in Paris” → agent
embedding flows toward relevant hyperedges.

Step 2: New attraction added (e.g., “Musée d’Orsay exhibit”) →
new hyperedge added dynamically.

Step 3: The flow vector field adapts to integrate this new node;
the agent embedding now attends to the new experience without
retraining everything.

Step 4: Future queries evolve with the new knowledge, planning
richer itineraries or generating multimodal guides.

Insight: The agent self-evolves by growing its hypergraph, updating
flow dynamics, and continuously adapting embeddings. Multimodal
reasoning is enabled through higher-order hyperedges and tangent-
space attention [22], overcoming the restrictions of pairwise em-
beddings or unimodal attention [33]. Hyperbolic embeddings pre-
serve hierarchical knowledge and semantic generalisation, while
flow-based embedding evolution and stochastic interpolation allow
adaptive, self-evolving behaviour, and continuous learning without
retraining [40]. Agent-directed, goal-directed reasoning is achieved
by embedding trajectories guided by hyperbolic flow, which sup-
ports multi-step decision-making [12]. Finally, tangent-space ag-
gregation and hyperedge-level attention are applied for scalable
cross-modal interaction [36]. This design aims to provide an adap-
tive and scalable agentic RAG framework capable of multimodal
reasoning, allowing dynamic updates and knowledge adaptation
[24].

6.1 Model Overview
The proposed self-evolving travel assistant is designed as a multi-
modal agentic RAG model augmented with hyperbolic flows,
allowing it to adapt to new information and provide contextually
rich recommendations. The model integrates three key components:
a multimodal hypergraph knowledge representation, hyperbolic
embeddings for hierarchical reasoning, and flow-based embedding
evolution for agentic, self-evolving behaviour. The architecture (Fig-
ure 1) implements an adaptive multimodal agentic RAG pipeline in
which reasoning and retrieval are coupled, as shown in Figure 2.

6.1.1 Query Embedding→ Hyperbolic Flow Module. The embed-
ded user query initialises the agent state within the hyperbolic
latent space. The Hyperbolic Flow Module then evolves this em-
bedding to represent the agent’s reasoning trajectory.

6.1.2 Multimodal Hypergraph → Retrieval. This component re-
trieves knowledge nodes that are relevant both to the user query
and to the agent’s reasoning trajectory. The final embedding of the
agent x̂𝑢 is used to identify and retrieve nearby nodes in the hy-
pergraph in multiple modalities, including text nodes (descriptions,
schedules), image nodes (photos, maps), and audio nodes (music,
narration, ambient soundscapes).

6.1.3 Retrieval→ Generation. Retrieved data is processed through
a generator that provides contextual representations in the tangent
space, ensuring coherent and context-aware responses. The gener-
ator produces outputs across text, image, and audio modalities, e.g.,
textual itineraries, annotated maps, and audio samples that depict
real-world user experiences.



Towards Self-Evolving Knowledge Systems: Enhancing Multimodal Agentic RAG with Hyperbolic Flows ICMR ’26, June 16–19, 2026, Amsterdam, Netherlands

Figure 1: Visualisation of the Agentic RAG framework integrating hyperbolic flow, stochastic diffusion, and multimodal
reasoning. The query embedding evolves through deterministic and stochastic hyperbolic flows (Equations shown below
modules) to enable multimodal retrieval and generation with iterative feedback.

Figure 2: Overview of the proposed HFlow framework. A query embedding 𝑥0 is evolved through a Hyperbolic Flow Module
governed by continuous-time dynamics, enabling geometry-aware trajectory modelling in hyperbolic space. The resulting
representation interacts with a multimodal Hypergraph that encodes higher-order cross-modal relationships. Structured
retrieval supports adaptive reasoning, and the refined representation is used for multimodal generation (text, image, audio).

6.1.4 Agents as Hyperbolic Embeddings. In this framework, an
agent is a computational entity that represents the reasoning and
preference state of the model for a given user query. Each agent is

initialised by embedding a user query 𝑞 into hyperbolic space:

z𝑞 = 𝑓𝜙 (𝑞), (16)
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where 𝑓𝜙 is a trainable embedding function that maps queries to the
hyperbolic latent space. The agent then traverses the knowledge hy-
pergraph, attending to relevant nodes and hyperedges correspond-
ing to points of interest, events, and contextual signals. Unlike static
embeddings in conventional RAGmodels, these agents are dynamic
trajectories in hyperbolic space. They can self-evolve as the hyper-
graph is updated with new nodes or hyperedges, such as newly
introduced attractions or events, without requiring retraining.

6.1.5 Agentic Retrieval and Generation. After evolving through the
hyperbolic flow, the agent embedding x̂𝑢 retrieves the relevant k
top nodes from the hypergraph. Retrieved nodes are then fed into a
generation module, producing multimodal outputs such as textual
itineraries (day-by-day plans), annotated maps highlighting POIs,
images of landmarks or events and audio samples representing
music or ambient soundscapes. Agent behaviour is modelled as
a time-dependent hyperbolic flow vector field [37]. For example,
if a user submits the query 𝑞 = “3-day art + music trip in Paris”,
the agent embedding z𝑞 propagates throughH , activating relevant
hyperedges representing locations, events, and cultural experiences.
When a new attraction becomes available (e.g., a “Musée d’Orsay
exhibit”), a corresponding hyperedge 𝑒new is added dynamically.
The hyperbolic flow vector field automatically incorporates the new
node, allowing z𝑞 to attend to the attraction without retraining.
Future queries leverage the expanded hypergraph H ′ and updated
flow v′

𝜃
to generate richer itineraries and comprehensive travel

guidance.

6.2 Experimental Setup
To enable self-evolving, multimodal recommendations, we con-
struct a multimodal knowledge space by integrating multiple pub-
licly available datasets that cover Point-Of-Interest (POI), user be-
haviour, events, and contextual information in Paris. TripAdvisor1
and Yelp2 provide POI information, including textual descriptions,
user reviews, ratings, and images. These datasets form the back-
bone of nodes in the hypergraph. Foursquare3 and Gowalla4 check-
in datasets were used to model user behaviour and preferences,
providing user nodes and user-item interactions for personalised
itineraries. Live events, such as concerts, exhibitions, and festivals,
were integrated from Paris Open Data5 and Eventbrite6, serving as
dynamic updates to the knowledge space. Structured geographic
and accessibility information for POIs was obtained from Open-
StreetMap7, enabling location-based recommendations.

6.2.1 Encoding Multimodal Data. Each modality is encoded into
a fixed-length vector embedding to serve as a node in the hyper-
graph: Textual data: Reviews, descriptions, and event information
are encoded using Sentence Transformers [28], producing em-
beddings ztext ∈ R𝑑 . Images: POI or event images are encoded

1https://www.kaggle.com/datasets/andrewmvd/trip-advisor-hotel-reviews
2https://www.yelp.com/dataset
3https://sites.google.com/site/yangdingqi/home/foursquare-dataset
4https://snap.stanford.edu/data/loc-gowalla.html
5https://opendata.paris.fr
6https://www.eventbrite.com/platform/api
7https://www.openstreetmap.org

using CLIP [26], yielding embeddings zimage ∈ R𝑑𝑣 . Audio: Am-
bient sounds or music clips are encoded using OpenL3 [7], pro-
ducing embeddings zaudio ∈ R𝑑𝑎 . Videos: Video clips are encoded
by extracting frame-level embeddings with CLIP and aggregating
temporally, combined with audio embeddings from OpenL3. The
resulting embedding zvideo ∈ R𝑑𝑣 captures visual, temporal, and
auditory information. Context: Structured features such as time
of day, day of week, weather, and accessibility are projected into
embeddings zcontext ∈ R𝑑𝑐 .

6.2.2 Agentic Capability Mapping. Table 1 maps each metric to
the corresponding capability of the HFlow model. Mean Recip-
rocal Rank (MRR) reflects the agent’s goal-directed reasoning by
measuring how quickly it retrieves the most relevant item. Nor-
malised Discounted Cumulative Gain (NDCG) captures multi-step,
structured reasoning by evaluating the quality and ordering of top-
ranked items. Hit Ratio (HR) quantifies exploration and coverage,
indicating whether the agent retrieves multiple relevant items per
query. Novelty measures self-evolving adaptation, showing the
agent’s ability to recommend newly added or unseen items without
retraining [8]. Finally, the improvements in all metrics collectively
reflect the agent’s ability to integrate information across multiple
modalities.

Ground Truth
The ground truth represents the set of relevant items for a given
user query. Formally, for a query 𝑞:

𝐺𝑞 = {𝑖1, 𝑖2, . . . , 𝑖𝑚}, (17)

where each 𝑖 𝑗 is a relevant point of interest (POI), event, or media
item that aligns with user preferences and contextual constraints.
Ground truth items are determined from multiple complementary
sources to ensure relevance and context alignment. These include
existing datasets, such as POIs, user reviews, events, and geographic
information obtained from TripAdvisor, Yelp, Foursquare, Gowalla,
OpenStreetMap, Paris Open Data, and Eventbrite. User preferences,
reflected in historical check-ins, ratings, and interactions, provide
additional signals of relevance for each individual. Contextual fac-
tors, such as travel dates, time, budget, weather, and accessibility,
are also considered to filter and prioritise relevant items.

To evaluate our model, we distinguish between two types of
ground truth. The static ground truth consists of items known
during the training phase, and metrics computed using this set
assess traditional recommendation performance, such as quality
and coverage. Dynamic ground truth, on the other hand, includes
newly added POIs, events, or media in the updated hypergraph.
The metrics computed using this set, such as novelty, capture the
agent’s ability to adapt to new information and evaluate the model’s
ability to capture self-evolving scenarios.

H = (V, E), V =U ∪ I ∪ C ∪M, (18)

whereU are user nodes, I are item or content nodes (POIs, events),
C are contextual nodes (time, weather, accessibility).

M = {ztext, zimage, zaudio, zvideo} (19)

https://www.kaggle.com/datasets/andrewmvd/trip-advisor-hotel-reviews
https://www.yelp.com/dataset
https://sites.google.com/site/yangdingqi/home/foursquare-dataset
https://snap.stanford.edu/data/loc-gowalla.html
https://opendata.paris.fr
https://www.eventbrite.com/platform/api
https://www.openstreetmap.org
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Table 1: Mapping of Metrics to Agentic Capabilities

Benefit Metric(s) Quantification

Goal-directed reasoning MRR Rank of first relevant node
Structured (multi-step) reasoning NDCG Discounted relevance of top-k ordered items
Exploration/coverage HR Fraction of queries with more than 1 relevant node in top-k
Self-evolving adaptation Novelty (%) Fraction of recommended items unseen during training
multimodal integration All metrics Improvements indicate cross-modal reasoning

are modality-specific nodes. Hyperedges 𝑒 ∈ E connect related
nodes across modalities to determine higher-order semantic rela-
tionships. For example, a hyperedge connects:

𝑒 = {POI text, POI image, POI audio, POI video, context}. (20)

.
Hyperedges 𝑒 ∈ E connect arbitrary subsets of nodes, captur-

ing higher-order semantic relationships between modalities and
context. During agentic reasoning, embeddings attend to relevant
hyperedges using tangent-space aggregation to enable integration
of multimodal information.

6.2.3 Agentic Integration via Hyperbolic Flows. Agent embeddings
propagate through the hypergraph according to a hyperbolic flow
vector field and integrate multimodal information in a unified for-
mulation:

𝑑x(𝑡)
𝑑𝑡

= v𝜃 (x(𝑡),H , 𝑡), x̂𝑢 = 𝑋0,1 (x0), (21)

where 𝑋0,1 (·) denotes the flow map from 𝑡 = 0 to 𝑡 = 1, and v𝜃 iden-
tifies the relevant hyperedges connecting multimodal nodes. This
formulation ensures that the text, image, audio, video, and context
nodes are fully integrated into the agent’s reasoning trajectory.

6.2.4 Dynamic Updates and Self-Evolving behaviour. New POIs,
events, or videos can be dynamically added as nodes or hyper-
edges to the hypergraph. Hyperbolic flows automatically incorpo-
rate these new nodes, allowing agent embeddings to adapt in real-
time. Queries such as “3-day art and music trip in Paris” propagate
through the hyperbolic flowmodule, which evolves the embeddings
according to Equation (21). The evolved embeddings attend over
multimodal hyperedges and are used to retrieve the top-k most
relevant nodes.

6.2.5 Self-Evolving Dynamics. The HFlow model supports self-
evolving behaviour. (1) Newnodes or hyperedges (e.g., newly opened
attractions or live events) are dynamically added to the hypergraph.
(2) Hyperbolic flows automatically integrate the new information
into existing embeddings. (3) Future queries leverage the expanded
knowledge, producing richer, updated itineraries without retrain-
ing. Each agent acts as a dynamic knowledge traverser, continuously
reasoning over a multimodal, hierarchical, and self-evolving knowl-
edge space. The combination of hypergraph structure, hyperbolic
embeddings, and flow-guided evolution enables both reasoning and
lifelong adaptation, fulfilling the criteria of a self-evolving agentic
RAG model. Table 2 presents the performance of HFlow compared
with baseline representation learning models.

The results demonstrate that the self-evolving hyperbolic flow-
based RS outperforms baseline models on all metrics. Improvements

Table 2: Performance Comparison of Travel Recommenda-
tion Models on Real-World Dataset (Paris POIs)

Model MRR NDCG@5 HR@5 Novelty (%)

MBHT [34] 0.37 0.39 0.48 8
PBAT [30] 0.41 0.44 0.52 6
HyperLLM [6] 0.52 0.56 0.61 22
HRDM [39] 0.39 0.48 0.57 17
ALIGN [20] 0.42 0.45 0.60 12
CLIP [26] 0.53 0.57 0.68 20

HFlow 0.65 0.68 0.80 48

inMRR andNDCG@5 indicate that relevant items are ranked higher
and overall ranking quality is improved. HR@5 shows that a greater
proportion of relevant items appear in the top recommendations,
reflecting better retrieval coverage. Importantly, the novelty met-
ric is substantially higher for the HFLow model, demonstrating
its ability to recommend newly introduced attractions and events
without retraining. These results confirm that the combination of
hyperbolic flow and a dynamic multimodal hypergraph supports
self-evolving travel recommendations.

6.3 Ablation Study
To evaluate the contribution of each component to the self-evolving
hyperbolic flow-based travel model, we conduct an ablation study.
Specifically, we evaluate three variants of the model: w/o Flow:
We remove the hyperbolic module from the model framework. w/o
Hypergraph: The hypergraph structure is removed, and items
are connected only via pairwise embeddings; flow is retained. w/o
Updates: We simulate a static knowledge base, without adding
new information to the model. The performance of these variants
was evaluated on the same metrics as the full model, as summarised
in Table 3.

Table 3: Ablation Study of Self-Evolving Hyperbolic Flow RS
on Paris POIs

Model Variant MRR NDCG@5 HR@5 Novelty (%)

w/o Flow 0.57 0.60 0.72 40
w/o Hypergraph 0.50 0.53 0.65 30
w/o Updates 0.63 0.65 0.77 18

HFlow 0.65 0.68 0.80 48
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The results validate the contribution of each component of the
model. For example, removing the hyperbolic flow module reduces
the ranking quality as indicated by the degradation of the MRR and
NDCG results. Excluding the multimodal hypergraph substantially
degrades both relevance and novelty, indicating that higher-order
connections across modalities are critical for rich recommendations.
When dynamic updates are disabled, novelty drops drastically, con-
firming that the model’s ability to recommend newly introduced at-
tractions relies on the self-evolving hypergraph. The ablation study
demonstrates that each component—hyperbolic flow, multimodal
hypergraph, and dynamic updates—contributes meaningfully to
the modelling of self-evolving scenarios.

7 Conclusion
We introduce Hflow, a novel conceptual framework for agentic
multimedia retrieval that integrates multimodal hypergraph repre-
sentations with hyperbolic flow-based embedding evolution. The
proposed architecture rethinks retrieval-augmented generation by
enabling agents to reason over higher-order multimodal relation-
ships while preserving hierarchical knowledge structures through
curvature-aware embeddings.We envision that this approach en-
ables a new generation of multimedia retrieval agents that operate
on structured, continuously evolving multimodal memory spaces
rather than static modality-specific indexes. The proposed frame-
work represents a promising research roadmap that aims to stim-
ulate new theoretical and practical developments in multimedia
retrieval. We hope that this work stimulates a shift from retrieval
as information access toward retrieval as structured cognitive rea-
soning over heterogeneous knowledge ecosystems.

8 Appendix
Graph-based RSs typically rely on discrete message passing defined
over incidence matrices. In contrast, we formulate the recommen-
dation task as a continuous transport process between preference
distributions defined on a Riemannian manifold.

Proposition 1 (Existence and Uniqueness of Preference Transport
Flow) [1]. Assume that the vector field 𝑣𝜃 (𝑥, 𝑠, 𝑡) is Lipschitz con-
tinuous in 𝑥 and continuous in (𝑠, 𝑡). Then the differential equation

𝑑𝑥𝑡

𝑑𝑡
= 𝑣𝜃 (𝑥𝑡 , 𝑠, 𝑡) (22)

admits a unique solution trajectory on H𝑑 for any initial embed-
ding 𝑥0. This guarantees that preference evolution is well-defined as
a continuous transformation on the manifold, compared to discrete,
layer-wise propagation.

8.1 Consistency of the Generalised Flow Map
The proposed model directly integrates the global flow operator
𝑋𝑠,𝑡 instead of numerically integrating the local dynamics.

Proposition 2 (Tangent Space Closure [14]). Let ℎ𝑒 ∈ 𝑇𝑥H𝑑 . If
𝑊𝜃 (ℎ𝑒 , 𝑏𝑒 , 𝑠, 𝑡) ∈ 𝑇𝑥H𝑑 , then:

𝑣𝜃 (𝑥, 𝑠, 𝑡) ∈ 𝑇𝑥H𝑑 . (23)
This guarantees that the exponential map produces valid man-

ifold embeddings [19], preserving geometric consistency during

training and inference. Stochastic interpolation implicitly defines
a Monge transport map [31] between 𝜌0 and 𝜌1. This provides a
probabilistic interpretation of the recommendation as a structured
distribution alignment across interaction contexts.

8.2 Proof-of-Concept
To evaluate the proposed framework in an agentic RAG environ-
ment, consider the travel assistant use case, where queries involve
heterogeneous sources including textual requests, images, audio
guides, and structured entities such as attractions, events, and sched-
ules. These form higher-order relationships, which we represent
as hyperedges in the multimodal hypergraph. In agentic RAG, a
single query typically involves heterogeneous information sources,
including textual documents, visual content, audio signals, and
structured knowledge entities. Hyperbolic space provides a geomet-
ric representation for hierarchical and tree-like relational structures
commonly observed in multimodal knowledge environments [9].
This framework integrates hyperbolic flows, stochastic diffusion,
and multimodal hypergraphs to enable an agentic, adaptive RAG
model. The design tightly couples reasoning, retrieval, and genera-
tion within a continuous hyperbolic latent space.

8.3 Hyperbolic Flow as Geometry-Aware
Diffusion

Let x𝑡 denote the agent embedding at time 𝑡 . In classical diffusion
models, the evolution of embeddings is defined as follows:

𝑑x𝑡 = v𝑡 (x𝑡 ) 𝑑𝑡 + 𝜎 𝑑W𝑡 (24)
where v𝑡 (x𝑡 ) is the deterministic drift that guides the embed-

dings towards the target distribution, 𝑑W𝑡 denotes the Brownian
motion that introduces stochastic noise [4], and 𝜎 controls the
magnitude of the noise. In the proposed agentic RAG framework,
embeddings evolve on a hyperbolic manifold H𝑑 . The deterministic
Riemannian probability flow is defined as follows:

𝑑x𝑡
𝑑𝑡

= v𝑡 (x𝑡 ) (25)

To allow exploration of alternative reasoning paths, stochastic
properties can be incorporated, yielding hyperbolic diffusion:

𝑑x𝑡 = v𝑡 (x𝑡 ) 𝑑𝑡 + 𝜎 𝑑B𝑔𝑡 (26)
where 𝑑B𝑔

𝑡 denotes Brownian motion defined on the hyper-
bolic manifold [18]. Equation 25 moves embeddings along high-
probability reasoning trajectories, while Equation 26 enables sto-
chastic exploration of alternative knowledge or reasoning paths.
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