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Abstract

Custom Diffusion Models (CDMs) offer impressive capa-
bilities for personalization in generative modeling, yet they
remain vulnerable to catastrophic forgetting when learning
new concepts sequentially. Existing approaches primarily fo-
cus on minimizing interference between concepts, often ne-
glecting the potential for positive inter-concept interactions.
In this work, we present Forget Less by Learning from Par-
ents (FLLP), a novel framework that introduces a parent-
child inter-concept learning mechanism in hyperbolic space
to mitigate forgetting. By embedding concept representa-
tions within a Lorentzian manifold, naturally suited to mod-
eling tree-like hierarchies, we define parent-child relation-
ships in which previously learned concepts serve as guidance
for adapting to new ones. Our method not only preserves
prior knowledge but also supports continual integration of
new concepts. We validate FLLP on three public datasets and
one synthetic benchmark, showing consistent improvements
in both robustness and generalization.

Introduction

Custom diffusion models (CDMs) (Gal et al. 2022; Gu
et al. 2023) have emerged as a powerful tool for personal-
izing image generation by adapting general-purpose text-
to-image models to individual users or specific concepts.
These models enable the synthesis of images from user-
provided reference images, offering a pathway to generate
personalized content. The growing interest in model cus-
tomization reflects a broader goal of user-centric genera-
tive modeling, where models are tailored to represent dis-
tinct objects, styles, or identities that are not present in the
training data. Text-conditioning enhances controllability and
flexibility in diffusion models (Podell et al. 2024; Cheng
et al. 2020) by guiding these models to generate semanti-
cally aligned visual content. Early personalization methods
achieved this by fine-tuning a subset of model weights (Yu,
Yang, and Zhang 2024) or by learning new token embed-
dings (Gal et al. 2022) from a handful of user images.
While effective, these methods necessitate per-concept op-
timization, resulting in increased computational overhead
and significant time requirements. Recent work addresses
these limitations through tuning-free methods (Wang et al.
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2025), without the need for re-training during inference. Be-
yond individual concept customization, recent research has
focused on multi-concept personalization, composing mul-
tiple novel concepts into a single generation task (Kumari
et al. 2023; Smith et al. 2024; Dong et al. 2024). Compared
to single-concept settings, multi-concept customization en-
tails diverse reference images and complex compositional
prompts , leading to challenges such as handling previously
unseen concepts, reducing interference among concepts, and
maintaining prior knowledge across tasks. These challenges
align naturally with the goals of continual learning, where
a model learns incrementally from a sequence of concept-
specific tasks without catastrophic forgetting. Recent miti-
gation strategies for catastrophic forgetting in CDMs, such
as elastic weight consolidation, latent replay layers, and
gradient matching techniques, primarily focus on isolating
concepts through regularization and memory optimization.
While these methods reduce immediate interference, they
often fail to harness the latent relationships between learned
concepts (Guo and Jin 2025; Dong et al. 2024). Unlike cur-
rent machine learning systems, human learning naturally ex-
cels at transferring knowledge across tasks, an ability rooted
in our capacity to organize concepts into hierarchical struc-
tures. Research shows that we dynamically update them to
support both long-term retention and generalization. Further,
recent findings reveal that the brain itself is wired to accu-
mulate and refine such hierarchical conceptual knowledge
(Theves et al. 2021).

Motivated by these insights, we introduce Forget Less
by Learning from Parents (FLLP), the first framework to
leverage inter-concept interactions positively, to the best of
our knowledge. FLLP explicitly models hierarchical con-
cept relationships to emulate human-like knowledge trans-
fer. Like cognitive hierarchies, our approach projects con-
cept embeddings into hyperbolic space (Anderson 2006),
a natural fit for encoding hierarchical structures due to its
intrinsic tree-like geometry (Desai et al. 2023; Sala et al.
2018). Within this manifold, we enforce hierarchical parent
entailment, requiring new concepts to reside within the en-
tailment cones of their predecessors. This constraint mirrors
how humans anchor novel skills (e.g., motorcycle control)
to foundational schemas (bicycle balance), preserving con-
ceptual dependencies while enabling adaptive reuse (Theves
et al. 2021).



Our work makes three core contributions: (1) FLLP
leverages natural hierarchies formed by hyperbolic embed-
dings to model inter-concept interactions. (2) We propose
a Hierarchical Parent Entailment Loss using the union-find
algorithm (Doyle and Rivest 1976) to form a parent-chain
that enforces new concepts to lie within the parent entail-
ment cones. (3) We utilize this hierarchical learning to train
CDMs continually and achieve SOTA results across three
public datasets and one synthetic benchmark. To the best of
our knowledge, this is the first contribution towards lever-
aging inter-concept interactions rather than mitigating them
for a continual learning problem in CDMs.

Related Work

Incremental Concept Learning. Recent class-incremental
learning methods focus on mitigating catastrophic forget-
ting via regularization, distillation, and rehearsal, but are
largely developed for discriminative classifiers with fixed
label spaces rather than generative models with continu-
ous concept manifolds (Zhang et al. 2025). The survey in
(Zhang et al. 2025) emphasizes that interference between re-
lated classes remains a central limitation even under strong
regularization or memory mechanisms. In text-to-image dif-
fusion, lifelong and personalized approaches such as L2DM
(Sun et al. 2024), C-LoRA (Smith et al. 2024), and Concept-
Guard (Guo and Jin 2025) adapt these ideas to the noise-
prediction space by attaching concept-aware adapters and
distillation losses to preserve old concepts during contin-
ual customization. However, they still treat each concept as
an essentially independent unit, offering only coarse control
over intra-concept variation and higher-order concept rela-
tionships.

Intra-Concept Learning Dynamics. Multi-concept cus-
tomization work shows that concept-specific updates inter-
act in highly non-linear ways. Multi-Concept Customiza-
tion, Mix-of-Show, and Multi-LoRA all report that compos-
ing several learned concepts or LoRA adapters can lead to
strong interference and style leakage, especially when con-
cepts are visually similar (Kumari et al. 2023; Gu et al.
2023; Zhong et al. 2024). Cross-Attention Bootstrapping
further reveals that cross-attention heads in diffusion mod-
els specialize to distinct object and attribute factors, and that
misaligned heads are a key source of spurious edits and con-
cept entanglement (Zhao et al. 2025). Together, these results
motivate architectures that explicitly separate and recombine
sub-concepts rather than treating each personalized token or
adapter as monolithic.

Catastrophic Forgetting in Concept Diffusion. Within
text-to-image diffusion specifically, forgetting and confu-
sion arise because concept information is distributed across
the UNet, cross-attention layers, and token embeddings and
is refined across timesteps. L2DM and C-LoRA retain con-
cepts by distilling the denoising trajectory of earlier mod-
els and routing gradients through concept-specific low-rank
adapters (Sun et al. 2024; Smith et al. 2024), while Concept-
Guard disentangles forgetting from confusion and shows
that overlapping attention patterns between related concepts
are a dominant failure mode (Guo and Jin 2025). These sys-
tems markedly reduce catastrophic forgetting, but their pa-
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rameter cost grows roughly linearly with the number of con-
cepts and they still provide only implicit control over inter-
and intra-concept interactions.

Hyperbolic Geometry. Standard latent diffusion models
operate in Euclidean latent spaces (Rombach et al. 2022),
which are poorly suited for representing deep hierarchies
and tree-like concept structure. Hyperbolic vision-language
models such demonstrate that negative curvature and ex-
ponential volume growth enable compact, hierarchy-aware
image-text embeddings with improved semantic organiza-
tion (Desai et al. 2023). HypDiff (Fu et al. 2024) proposes
a hyperbolic latent diffusion model for graph generation,
so as to preserve topological properties such as hierarchy
and community structure during generation. However, these
methods largely treat hyperbolic geometry as a static repre-
sentation choice and do not address continual adaptation or
concept interference in text-to-image diffusion.

Limitations of Current Approaches. Across these lines
of work, three gaps remain: (1) continual diffusion methods
prioritize per-concept preservation but model concepts as in-
dependent, limiting intra-concept specialization and compo-
sitional recombination (Sun et al. 2024; Smith et al. 2024,
Guo and Jin 2025); (2) multi-concept customization exposes
strong interference between learned edits without providing
a principled latent structure for resolving it (Kumari et al.
2023; Gu et al. 2023; Zhong et al. 2024); and (3) hyper-
bolic generative models exploit hierarchical geometry but
are not designed for dynamic, concept-aware updates over
time (Desai et al. 2023; Liu et al. 2023). FLLP targets this
intersection by coupling concept-aware continual updates
with an explicitly structured latent space that is designed to
accommodate evolving concept hierarchies.

Problem Definition

We consider the problem setting introduced in CIFC (Dong
et al. 2024), which considers a sequential inflow of concepts.
The model learns from an undefined series of text-guided
concept customization tasks 7' = {7.}<_,, where C denotes
the total number of tasks. Each task 7. consists of a dataset
T. = {(«%,p¥, Y.)}_, where N is the number of reference
images in the task, =¥ is an image, p¥ is a text prompt (e.g.,
“photo of a [V.4:]”), and Y, represents the concept space.
The setting supports diverse customization tasks, including
multi-concept generation (Zhong et al. 2024), style transfer
(Zhang et al. 2023), and image editing (Chen et al. 2024).
There are three constraints in this problem - (1) All concepts
are distinct: Y. N (Uf:ll Yi) = () indicating that new con-
cepts in task c are distinct from those learned in the other
C — 1 tasks. (2) Concepts are learned in the order of in-
flow: T = {Ty,Ts,...,Tc}, where the c-th concept T, is
learned with access only to prior concepts {T7,...,T.—1}
forc =1,...,C. This models a unidirectional learning flow,
preventing access to future unseen concepts. (3) No-replay
constraint: No memory storage is allocated to retain training
images from past tasks, ensuring purely incremental learn-
ing of personalized concepts. This setting allows models to
continuously adapt to new personalization tasks while being
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Figure 1: Continual Learning for Concept Personalization and Hyperbolic Geometry. (a) The Continual Learning (CL)
paradigm involves training a model on a sequence of tasks or concepts (e.g., Bulbul, Zebra, Chow-chow) over time. A major
challenge in this setup is Catastrophic Forgetting, where the model tends to lose knowledge of previously learned concepts as it
acquires new ones. (b) In Euclidean space, all concepts coexist without any inherent hierarchy. In contrast, hyperbolic geometry
enables hierarchical representation of concepts. Importantly, hyperbolic distances (blue line) are fundamentally different from

Euclidean distances (green line).

exposed to catastrophic forgetting of prior concepts.

Understanding Catastrophic Forgetting

Catastrophic forgetting refers to the tendency of neural net-
works to lose previously acquired knowledge when trained
on new tasks. This phenomenon arises from the stability-
plasticity dilemma, where neural networks must balance
retaining existing information with adapting to new in-
puts (Chen and Liu 2018). Catastrophic forgetting oc-
curs when parameter updates for a new task 7Tp., over-
write critical weight configurations optimized for prior tasks
Tog: Poa(W) < Paew(W), where W represents network
weights, and P denotes task performance. This work ad-
vances the central hypothesis that catastrophic forgetting can
be fundamentally mitigated through the use of hierarchical
knowledge transfer mechanisms.

1D Gaussian Setup

To enable a systematic and interpretable analysis of catas-
trophic forgetting, we construct a synthetic one-dimensional
dataset that serves as a controlled surrogate benchmark (see
fig. 2). This benchmark comprises five sequential tasks, each
defined by a Gaussian distribution with a distinct mean and
unit variance, thereby emulating the concept drift charac-
teristic of continual learning scenarios. A shared 1D UNet
diffusion model is employed to reconstruct the data distri-
bution associated with each task (see appendix for architec-
tural details). To quantify forgetting, we compute the sum of
absolute differences between the generated and true means
across tasks. This serves as our primary evaluation metric,
referred to as the forgetting rate, with lower values indicat-
ing improved retention of previously learned concepts.

What Causes Catastrophic Forgetting?

The catastrophic forgetting observed in the 1D Gaussian
benchmark fig. 2 stems from two interrelated mechanisms:
parameter interference and task-specific representation col-
lapse. When training sequentially on tasks p;, gradient up-
dates for new tasks: AW o Vyy Lmsg(finew), perturb the
network’s shared parameters W, overwriting features criti-
cal for reconstructing prior distributions pigq. This interfer-
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ence is amplified by the UNet’s frozen architecture, which
forces all tasks to compete for representation space through
a fixed set of weights.

Parameter interference emerges from fundamental lim-
itations in gradient-based optimization. When learning task
Lnew, the model computes weight updates proportional
to the gradient of the current task’s MSE loss:AW

—1N5 aW |Gen(finew) — finew||* Where Gen represents the gen-
erated output. These updates create vector fields in param-
eter space that optimally reduce pipeyw’s reconstruction er-
ror but catastrophically displace solutions for previous tasks
Lod- In our 1D setup, the frozen UNet architecture com-
pounds this issue; though its core weights remain fixed, the
task-specific token embeddings must encode all distribu-
tional shifts through a single projection layer. This creates a
representational bottleneck where embedding vectors com-
pete to map multiple Gaussian means (g1, ..., it5) through
identical network transformations, leading to destructive in-
terference patterns (Lokhande et al. 2022).

Task-specific representation collapse occurs when se-
quential training causes embeddings for distinct yu; to con-
verge toward a shared subspace. The model’s token embed-
dings {E(u;)} gradually align with the dominant gradient
directions from new tasks at ¢-th training step: E(u;)!t! =

E(u)t UZJ 1 dabf:("m With no task-specific signals, the

model optimizes for a single set of parameters to minimize
the aggregate reconstruction error across all tasks. The mean
of means emerges as the Nash equilibrium for minimizing
the reconstruction error. This is demonstrated in the first
row of Fig. 2, where the model converges near the mean-
of-means 9.6, and achieves a forgerting rate of 18.6.

Analysis: Fig. 2 illustrates the visual outcome of our ex-
periments. Each subplot compares the true and generated
distributions for a given task after training on the final task,
denoted in blue and red colors, respectively. The matrix lay-
out of subplots is sorted in descending order of forgetting
rate in different approaches. From top to bottom, we observe
a monotonic reduction in error, indicating that the model in-
creasingly preserves information about earlier concepts. The
visual alignment of blue (true) and red (generated) bumps in
lower rows highlights effective knowledge retention, a de-
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Figure 2: Quantitative Analysis of 1D Gaussian. The
length of the reflects the forgetting rate for
each concept, with shorter arrows indicating better retention.
CIDM (Dong et al. 2024) improves upon the baseline by
achieving a lower forgetting rate of 13.2. FLLP (Ours) fur-
ther reduces this to 11.4. The visibly shorter

in the bottom row corroborate the improved knowledge re-
tention of FLLP over CIDM. (Best viewed by zooming in)

sirable trait for continual generative modeling. Notably, this
alignment is most evident in Task 1, Task 2, and Task 3,
where the extent of forgetting is also visualized by the length
of the arrow indicating the mean shift.

While we have not yet formally introduced our pro-
posed method, FLLP, we offer a brief preview to anchor the
reader’s attention. CIDM (Dong et al. 2024) achieves a for-
getting rate of 13.2, whereas our approach, FLLP, lowers
this further to 11.4. For context, the vanilla continual learn-
ing baseline yields a significantly higher forgetting rate of
18.6. As a reminder, lower forgetting rates indicate better
retention of previously learned concepts.

Hyperbolic Trees Enable Optimal Grouping of
Concepts

In this section, we discuss the learning objectives of FLLP
to model inter-concept interactions through hyperbolic rep-
resentations of previously learned concepts and incoming
concepts. We begin by introducing hyperbolic geometry and
the tools required to implement our methodology. To adapt
the c-th customization task 7., we employ LoRA (Hu et al.
2022; Wang et al. 2023) to fine-tune the pretrained denoising
UNet, commonly denoted using e.

Background into Hyperbolic Geometry

We adopt the Lorentz model of hyperbolic geometry for de-
veloping our framework. In this model, the n-dimensional
hyperbolic space H" is realized as the upper sheet of a two-
sheeted hyperboloid embedded in R"**, endowed with the
Lorentzian inner product (See Sec. ). The model’s key ad-
vantage lies in its ability to express geodesics, distances,
and projections in closed form, which is highly beneficial
for optimization in high-dimensional settings. Following the
study of special relativity theory (Lorentz et al. 1923), the
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axis of symmetry of the hyperboloid is referred to as the
time dimension, while the remaining n axes form the space
dimensions. We adopt this terminology throughout, writing
vectors in R" " as [Xgpace, Ziime). We will now discuss a few
tools from hyperbolic geometry to realize the learning ob-
jectives for our model.

Geodesics: The shortest path between two points on a Rie-
mannian manifold is defined as a geodesic. In the Lorentz
model of hyperbolic space, geodesics are defined as the in-
tersections between the hyperboloid and hyperplanes that
pass through the origin of the ambient space R"*!. The
Lorentzian distance between two points x,y € L™, where
k is the constant negative curvature, is given by d.(z,y) =

ﬁ cosh™ (=k(z,y) ).

Aperture: The aperture defines the half-angle of the entail-
ment cone originating from a point x in hyperbolic space,
for a small constant K (typically set to 0.1) is defined as
Aper(z) = sin™! (%)

Exterior Angle: The exterior angle between two Lorentzian
embeddings x and y measures how far y lies from the cen-
tral axis of x’s entailment cone. This is defined as the angle
between x and y relative to the origin O, subtracted from ,

Ext(z,y) = cos™! ( )

Continual Learning in Diffusion Models using
Hyperbolic Geometry

We present a novel learning objective - Hyperbolic Parent
Entailment Loss - to model hierarchical relationships be-
tween concepts using hyperbolic geometry in Algorithm 1
(Appendix). This loss function is governed by three crucial
design choices: (1) transferring embeddings from Euclidean
space to Lorentz hyperboloid, (2) finding the parent con-
cept(s) for the incoming concept, and (3) designing a train-
ing objective to ensure the child concept (incoming concept)
is learned through parent guidance (previously learned con-
cepts).

Ytime T Trime K (T, Y) £

l|space 1/ (k) £)2—1

Transferring embeddings to hyperboloid: Let an em-
bedding vector be v € R™. We aim to apply a transformation
such that the resulting vector x lies on the Lorentz hyper-
boloid £™ C R™*!. Let the vector v = [v,0] € R" ™!, We
observe that v belongs to the tangent space at the origin O of
the hyperboloid, since the Lorentzian inner product satisfies:
(O, v) = 0. Thus, we parameterize only the space compo-
nents of the Lorentz model (i.e., v = Vgpce). This param-
eterization simplifies the exponential map. Instead of com-
puting the full map in R™*!, we write the exponential map
sinh (/e [|Vspace )

using only the space components:Xpace = S e

Vipace- Since the first term is zero, and the Lorentzian norm
of v simplifies to the Euclidean norm of the space com-
ponents: [[vV[Z = (v,V)z = (Vipce, Vipace) = [ Vapucell®
The corresponding time component e can then be com-
puted from Xgpace as shown in Sec. . The resulting vector
X = [Ztime, Xspace) lies on the Lorentz hyperboloid, eliminat-
ing the need for an orthogonal projection step. This param-
eterization is similar to (Desai et al. 2023) and simpler than



prior approaches that operate in the full ambient space R"*!
(Law et al. 2019; Le et al. 2019).

Parent Concept Identification: Let the CLIP (Ramesh
et al. 2022) image features of the c-th concept be v, € R¥*",
where s is the number of source images and n is the fea-
ture dimensionality. Let ¢, € R(c=Dxlen(Ye)xn reprecent the
learned token embeddings corresponding to ¢ — 1 previously
known concepts, where len(Y.) corresponds to the number
of tokens. The image features and learned token embeddings
are averaged to obtain 7, € R'*" and {, € R(c=1)xn,

We define a recursive search strategy to construct a par-
ent chain for the new concept, denoted by Py, Where each
parent will serve as an anchor. The intuitive idea is to it-
eratively move up the tree from the leaf node to root-level
abstractions, as detailed in the Algorithm. 2 (Appendix).

Let Zing and Zgq denote the hyperbolic projections of
v, and t., respectively. We initialize the current embedding
Zeurr < Zimg and construct a search pool S = Zoig U { Zimg },
indexed by Z = {0,...,c—1} U {—1}, where —1 refers to
the c-th concept. At each iteration, we compute the negative
Lorentzian geodesic distance between z.,, and all embed-
dings in S, selecting the second-closest index (skipping the
trivial self-match) as the parent candidate. If the parent in-
dex is already visited or corresponds to the new concept it-
self, we detect a loop and terminate. Otherwise, the selected
parent is assigned to Pyey, and zqy,, is updated accordingly.
This process recursively builds a chain of semantically rele-
vant parent concepts, revealing the new concept’s hierarchi-
cal alignment with seen concepts in hyperbolic space. Note
that the Lorentzian geodesic distance d captures the expo-
nential separation of nodes from the origin.

Storage of Image Attention Maps: For each of the
¢ — 1 previously observed image attention maps, denoted
by I, for « € {1,...,¢ — 1}, we store their timestep-
weighted mean representation. This is computed as: I, =

somesters 17(5%) where I/ denotes the attention map at
timestep ts. Th1s aggregation provides a more stable and
representative summary of each concept’s attention behav-
ior over time. Note that this does not violate the “no mem-
ory” constraint, as the constraint is aimed at restricting the

storage of reference images of previous concepts.

Inducing Hierarchical Structure Between Parent-Child
Concepts: In hyperbolic space, an entailment cone C,, at
a point u represents the region formed by a hyperbolic cone
(Ganea, Becigneul, and Hofmann 2018; Le et al. 2019).
These cones narrow as the point u moves farther from the
origin. The half-aperture of C,, is defined in Eq. . Let =
and y represent the hyperbolic projections (spatial and time
components) of the image attention maps corresponding to
a child and parent concept, respectively. The associated time
components are computed separately, as shown in Sec. . In-
spired by prior work on hierarchical embeddings (Ganea,
Becigneul, and Hofmann 2018), we utilize entailment cones
to enforce a partial ordering between the image attention
maps of concepts. In particular, we constrain the child con-
cept x to lie within the entailment cone defined by its parent
1. To encourage this behavior during training, we introduce a
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loss term that penalizes violations of this constraint. Specif-
ically, we impose a penalty when the exterior angle between
x and y exceeds the aperture of y, and (3 is a hyperparameter
that controls the flexibility of the constraint:

LentailParent = Max (07 eXt(y7 ~T) - Bx aper(y)) (D

Training
Following CIDM (Dong et al. 2024), we capture se-
mantic patterns that persist in different tasks through di-
rect supervision of LoRA weights. Specifically, a layer-
wise common subspace W is introduced to share across
tasks. Additionally, a learnable projection matrix H! en-
codes common semantic attributes. Together, we opti-
mize by minimizing the reconstruction loss: £
9 S0, ||AWL — HYWL|[2. Finally, we modify the
total loss function for the Custom Diffusion model (Refer
Sec. in appendix) with m. = {m.}% | representing layer-
wise textual embeddings, and hyperparameter . Our pro-
posed framework, FLLP, is trained on L utilizing a dual-
step optimization strategy (Dong et al. 2024).

['tolal =E HQ + ’Yl['emdll + 72[:1]

ZNq)(zf)’mC |:H€ o (Zt|m07 ) Parent
2

e~N(0,1),t

Experiments

To rigorously demonstrate the robustness and generalizabil-
ity of our proposed model, we conduct comprehensive ex-
periments across three diverse public datasets, evaluating
performance using CLIP (Ramesh et al. 2022) Image Align-
ment (IA) and Text Alignment (TA) metrics. Each class is
treated as a distinct concept in our continual learning setup.
Instead of leveraging all available classes, we intentionally
select a subset of ten to simulate the sequential arrival of
new concepts, an essential characteristic of realistic contin-
ual learning. This controlled design is critical for isolating
and faithfully evaluating the effects of catastrophic forget-
ting under meaningful, yet analytically tractable, conditions.
Remark (Scope of Concept Evaluation): In this work, we
focus our analysis on a fixed set of 10 concepts across all ex-
periments. This choice is informed by the architectural con-
straint imposed by the CLIP tokenizer, which allows only 77
learnable tokens (Ramesh et al. 2022). Since each concept
typically consumes 2-3 tokens, the upper bound for feasible
training is approximately 35 concepts. While we do present
an ablation study extending beyond 10 concepts to exam-
ine scalability, our core evaluation remains grounded in 10
concepts, a practical and representative regime for studying
catastrophic forgetting. Importantly, our methodology does
not inherently limit extension to larger concept sets. Imple-
mentation and dataset details are provided in the Appendix.

Quantitative and Qualitative Analysis

CIFC Dataset: As shown in Tab. 1, we achieve superior
IA and TA scores compared to CIDM (Dong et al. 2024)
in 9 out of 10 concepts. Notably, FLLP achieved +9.2 IA
scores on the C7 (Dog2) and +3.2, being the largest TA
gain on the C9 (Cat2). Over the entire dataset, FLLP demon-
strates a gain in both IA and TA scores of +1.2 and 1.1,
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Figure 3: Qualitative Analysis. We compare the generated images in TI (Dosovitskiy et al. 2021), CIDM (Dong et al. 2024)
and FLLP (Ours) on CelebA (Liu et al. 2015) and CIFC (Dong et al. 2024). The red and green arrows indicate regions of
undesirable and desirable qualities, and their reasons are stated below each image. The hyperbolic tree indicates the parent
chain of concepts that the model traversed in learning the incoming concept.
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Figure 4: Ablation Studies. (a) FLLP scales to 35 concepts (limited by CLIP tokenizer) and consistently outperforms CIDM
(Dong et al. 2024) on both IA and TA metrics. (b) Hyperbolic Parent Entailment Loss on LoRA weights benefits IA scores, but
hurts TA scores. Thereby making Image Attention Maps (IAM) better suited for the loss function. (c) FLLP exhibits 22% lower
parameter drift than CIDM, indicating the utilization of inter-concept interactions positively.

respectively. Note that each concept is trained with a dif-
ferent value of 8 (Threshold parameter). CelebA Dataset:
On the CelebA dataset (Liu et al. 2015), FLLP surpasses
CIDM with a notable gain of +4.4 in Image Alignment (IA)
and 4-2.0 in Text Alignment (TA) scores. Among individual
concepts, Person 5 (CS5) exhibits the highest IA improve-
ment with a margin of +8.9, while Person 8 (C8) shows
the most significant TA boost, achieving +4.2 over CIDM.
ImageNet Dataset: On the third benchmark dataset, FLLP
continues to outperform CIDM, achieving gains of +1.1 in
IA and +0.5 in TA scores. Performance improvements are
observed consistently across most concepts, with C9 (Wood
Rabbit) exhibiting the largest IA gain of +4.4. FLLP con-
sistently outperforms CIDM across CIFC, CelebA, and Im-
ageNet, showing notable gains in both IA and TA metrics.
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Qualitative Analysis: We provide a qualitative compar-
ison of the synthesized outputs generated by three ap-
proaches in Fig. 3: TI (Dosovitskiy et al. 2021), CIDM
(Dong et al. 2024), and our proposed FLLP framework,
spanning CelebA (Liu et al. 2015) (top row) and CIFC
(Dong et al. 2024) (bottom row) datasets. Each image is
generated using a source image along with its corresponding
text prompt. Colored arrows are overlaid to highlight percep-
tual differences: green arrows denote regions where the out-
put exhibits desirable qualities such as identity preservation
or faithful prompt alignment; red arrows highlight deficien-
cies such as concept drift, artifact introduction, or semantic
inconsistency. Commonly, we observe identity mismatches
and semantic misalignment across both datasets in previous
frameworks that FLLP corrects. Additionally, we visualize



Methods C1 C2 C3 Cc4 C5 C6 Cc7 Cc8 c9 C10 Avg.
1A TA | A TA IA. TA IA. TA | TA TA | IA TA 1A TA IA. TA 1A TA | A TA IA. TA
Previous frameworks
Finetuning 776 644 | 822 746|790 694 | 776 686 | 79.6 750|629 70.0 | 715 76.7 | 537 69.2 | 814 654|721 672|737 700
EWC (Kirkpatrick et al. 2017) | 78.7 67.1 | 83.8 77.5 | 804 72.7 | 80.3 779 | 80.7 76.7 | 640 723 | 765 742|571 72.0 | 844 660 | 73.1 704 | 759 727
- LWF (Li and Hoiem 2018) 804 708 | 79.7 752 | 809 71.0 | 774 774|809 760 |61.8 717 | 732 763|535 729|781 725|747 700|741 734
§ CLoRA (Smith et al. 2024) 832 694 | 834 780 | 81.1 741 | 80.6 78.8 | 849 764 | 663 69.6 | 762 76.7 | 58.1 739 | 83.0 69.0| 72.1 71.8 | 769 73.6
5 L2DM (Sun et al. 2024) 787 68.6 | 863 79.5 | 76.6 70.1 | 80.7 73.0 | 86.8 76.7 | 708 67.7 | 70.0 759 | 593 741 | 777 71.8 | 741 694 | 76.1 72.7
E TI (Dosovitskiy et al. 2021) | 649 71.8 | 56.8 59.6 | 643 702 | 63.1 73.1 | 614 66.1 | 583 582 | 657 66.1 | 57.0 574 | 587 69.7 | 642 688 | 61.4 66.1
Comparison against SOTA framework
CIDM(Dong et al. 2024) 83.6 753|864 78.1 |89 740|808 8l.1 | 8.5 782|695 70.1 | 73.7 747|569 743|824 735|759 702|780 748
FLLP (Ours) 839 757 | 870 823|858 727|835 82.7|87.6 769|722 721 | 842 725|588 775|802 773|764 716 | 80.0 76.1
A +0.3 404 406 +4.2 | +29 -13 | +2.7 +1.6 | +1.1 -1.3  +2.7 +2.0 | +10.5 -22 | +1.9 +32 | -22 +38 | +0.5 +14 | +20 +13
Previous frameworks
g TI (Dosovitskiy et al. 2021) | 44.3  62.4 ‘ 472 652 | 496 61.5 | 525 574 | 502 58.7 ‘ 498 547 | 51.0 537|513 564 | 417 619 | 500 653 | 488 59.7
] Comparison against SOTA framework
% CIDM(Dong et al. 2024) 742 590 | 676 604 | 73.0 594 | 754 582 | 70.1 580 | 78.1 59.0 | 81.0 700 58.0 | 70.1 62.1 | 73.0 554 | 733 588
3 FLLP (Ours) 774 589 | 747 61.7 | 734 608 | 78.7 63.0 | 79.0 60.0 | 824 60.5 | 847 61.5 | 758 622 | 754 61.7 | 75.6 57.7 | 71.7 60.8
A +32 -0.1 +7.1 +13 | 404 +14 | 433 +48 | 489 +2.0 +43 +15 | +3.7 +3.1 | +5.8 +42 | 453 -04 | +2.6 +23 | +44 +2.0
- Previous frameworks
% TI (Dosovitskiy et al. 2021) | 62.2 73.4 ‘ 66.7 765 | 620 624 | 640 672 | 641 66.1 ‘ 673 760 | 63.1 636 | 618 782 | 658 765|662 727|644 713
= Comparison against SOTA framework
%ﬁ CIDM(Dong et al. 2024) 80.8 74.1 | 714 779 | 81.3 81.7 | 83.0 826 | 792 83.7 | 845 69.6 | 767 793 | 875 737 | 822 79.9 | 850 82.8 | 81.2 785
g FLLP (Ours) 821 739 | 734 789 | 82.6 825|831 84.0| 79.7 851 |82 69.7| 755 792 |90.0 750 | 864 79.8 | 87.5 809 | 823 79.0
8 A +1.3 -02 +2.0 +1.0 | +13 +08 | +0.1 +14 | +05 +14 -23 +0.1 | -12 0.1 | +25 +13 | +44 -0.1 | +25 -19 | +1.1 +05

Table 1: Quantitative Analysis. We compare our method FLLP against previous frameworks and the SOTA framework CIDM
(Dong et al. 2024) across three datasets - CIFC (Dong et al. 2024), CelebA (Liu et al. 2015) and ImageNet (Deng et al. 2009).
We observe an improvement in both Image Alignment (IA) and Text Alignment (TA) scores in all datasets. The higher A score
has been denoted in bold, and the higher TA value has been underlined.

the hyperbolic parent-child structure that FLLP leverages
during training through a hyperbolic tree. These trees rep-
resent the conceptual trajectory taken by the model when
incorporating a new concept. For example, in the case of C7
dog (from the CIFC dataset), FLLP uses a hierarchical par-
ent chain consisting of Catl (C3), Rubber Duck (C2), and
Fainting (C6) to guide the learning of the new concept. In
other words, concepts C2, C3, C6 and C7 form a group.
Additional examples have been provided in the Appendix.
FLLP enhances output quality by correcting identity and se-
mantic errors through hierarchical hyperbolic guidance.

Ablation Studies

Why image attention maps instead of LoRA weights?
Direct hyperbolic optimization on LoRA weights forces a
simultaneous geometric transformation of both modalities.
Image-related weights benefit, while text-related weights
suffer (Ramasinghe et al. 2024), resulting in a zero-sum
game as elucidated in Fig. 4 (b) and Table 3 (Appendix).

On the effect of 3: As illustrated in Fig. 6,7, 8 (Appendix)
across the three datasets, each concept exhibits a distinct op-
timal threshold value. The threshold modulates the extent of
parental influence on child concepts; lower values enforce
stronger guidance, while higher values relax this constraint.
Scalability: To evaluate FLLP beyond ten concepts, we con-
duct experiments on the CustomConcept101 dataset (Ku-
mari et al. 2023). Due to CLIP’s tokenizer constraint allow-
ing only 77 additional tokens (Ramesh et al. 2022), we are
limited to training on 35 concepts (considering 2-3 tokens

5626

per concept). As shown in Fig. 4(a) and Table 4 (Appendix),
FLLP outperforms CIDM by +2.1 on average IA scores and
+1.0 on average TA scores.

Comparing parameter drifts: We compare the evolution of
LoRA weights in FLLP (Ours) and CIDM (Dong et al. 2024)
using the Frobenius norm averaged across all layers on 35
concepts from the CustomConcept101 (Kumari et al. 2023)
dataset. As in Fig. 4(c), FLLP exhibits 22% lower parameter
drift, highlighting positive inter-concept interactions.

Conclusion

In this work, we introduced FLLP, a novel framework that
leverages hyperbolic geometry and parent-child relational
priors to alleviate catastrophic forgetting in CDMs. Un-
like existing approaches that reduce inter-concept interac-
tions, FLLP exploits structured inter-concept dependencies
through a Lorentzian manifold, enabling positive transfer
and robust continual adaptation. Across diverse benchmarks,
our empirical results demonstrate that FLLP reliably en-
hances prior-knowledge retention, strengthens generaliza-
tion, and scales effectively to new concepts.
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