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Abstract

We introduce a lifelong imitation learning framework that
enables continual policy refinement across sequential tasks
under realistic memory and data constraints. Our approach
departs from conventional experience replay by operating
entirely in a multimodal latent space, where compact rep-
resentations of visual, linguistic, and robot’s state informa-
tion are stored and reused to support future learning. To
further stabilize adaptation, we introduce an incremental
feature adjustment mechanism that regularizes the evolu-
tion of task embeddings through an angular margin con-
straint, preserving inter-task distinctiveness. Our method
establishes a new state of the art in the LIBERO bench-
marks, achieving 10-17 point gains in AUC and up to 65%
less forgetting compared to previous leading methods. Ab-
lation studies confirm the effectiveness of each component,
showing consistent gains over alternative strategies. The
code is available at: https://github.com/yfqgi/
lifelong mlr._1ifa.

1. Introduction

Imitation Learning (IL) enables agents, such as robots, to
learn behaviors by observing and mimicking human demon-
strations [7, 8, 12, 24, 27]. However, real-world envi-
ronments are dynamic, with new objects, goals, and con-
texts constantly emerging. For example, a household robot
may encounter unfamiliar kitchen tools, rearranged furni-
ture, or previously unseen tasks. To operate effectively,
agents must continuously learn and adapt throughout their
lifetime. Standard IL typically assumes a fixed set of tasks
and does not account for new tasks or variations in the en-
vironment [30, 31]. Lifelong Imitation Learning (LIL) ad-
dresses this limitation by enabling agents to continuously
acquire new skills while retaining previously learned behav-
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Figure 1. Illustration of Incremental Feature Adjustment (IFA).
The figure displays a 2D projection of the global latent representa-
tions g during policy rollout for two related tasks, 7} (previously
learned) and 7T}, (newly learned). The stars (x for T} and * for T})
represent the stable language reference embeddings h(™, while
the circles (e for 7} and e for T}) are the global embeddings g.
(Left) Without IFA, the new task’s embeddings (e) exhibit rep-
resentation drift by clustering close to the old task’s embeddings
(e). (Right) With IFA, the loss Lira enforces a constraint on the
distances: the distance to the own reference (Down) plus a margin
& must be less than or equal to the distance to the other task’s ref-
erence (Dogher). This mechanism forces the g(7%) (o) cluster away
from h"(T}) () and closer to h"™) (T}) () , achieving inter-task
disentanglement.

iors, even as the set of tasks evolves [14, 25, 29, 32]. LIL
focuses on preventing catastrophic forgetting [9], allowing
knowledge from earlier tasks to be reused for new ones,
and supports learning from an unbounded or dynamically
growing sequence of tasks, rather than a fixed predefined
set [2, 4, 23, 26].

However, many practical methods rely on additional as-
sumptions to prevent forgetting. For instance, some ap-
proaches assume that the task identifier is available dur-
ing both training and evaluation, allowing task-specific net-
works or adapters to isolate knowledge for each task [15].



In this way, these methods retain performance on previ-
ously learned tasks while sequentially acquiring new ones.
In contrast, fully task-agnostic LIL methods do not re-
quire task identifiers at test-time (referred to as rask-ID ag-
nostic throughout this paper) and typically rely on strate-
gies such as experience replay (also called rehearsal-based)
[4, 14, 26], or multi-task distillation [23].

Recent LIL methods have increasingly leveraged large
pretrained models, such as Vision-Language Models (e.g.,
CLIP [21]) and Large Language Models (e.g., GPT [1]).
However, directly using these models in their pretrained
form on natural images or text is often insufficient for com-
plex imitation learning tasks. To address this, several ap-
proaches, e.g., [10, 15, 26] adopt a two-stage paradigm: a
pretraining stage (also called the base task stage) followed
by a lifelong learning stage. This strategy leverages the rich
representations learned during pretraining while enabling
continuous adaptation to new tasks. During the lifelong
learning stage, some prior methods still employ parameter-
efficient fine-tuning (PEFT) (e.g., [3, 13, 28]) to adapt en-
coders to novel tasks [10, 15].

In this study, we introduce a rehearsal-based method that
applies a Multimodal Latent Replay (MLR), which stores
joint compact latent representations that encapsulate vision,
language, state (e.g., robot’s orientation, position) modali-
ties with control commands. When a new task is encoun-
tered, its latent representations may overlap those of previ-
ously learned tasks [6], leading to interference in the shared
embedding space. To address this, we propose Incremen-
tal Feature Adjustment (IFA), a representation-level regu-
larization strategy that maintains reference embeddings for
past tasks, such as language-based task embeddings or cen-
troids of aggregated feature representations (See Fig. ).
IFA is a loss on angular distances to encourage the current
task’s representation to remain distinct from previous tasks
while maintaining alignment with its own reference. The
loss margin is adaptively scaled based on inter-task similar-
ity, reducing sensitivity to dataset-specific feature variations
and eliminating the need for manual tuning. By progres-
sively repelling the current task from old-task anchors, IFA
preserves inter-task separability and mitigates interference
during lifelong learning.

Our approach uses a frozen CLIP encoder [21], demon-
strating that effective LIL can be achieved without fine-
tuning the backbone during the lifelong learning stage, un-
like [10, 15], which rely on PEFT (e.g., vision adapters).
Different from rehearsal-based LIL methods, e.g., [14, 26],
which store raw data (e.g., scenes and trajectories), we em-
ploy compact MLR, which is memory-efficient. By com-
bining MLR with IFA, our method achieves robust lifelong
learning in a task-ID agnostic manner, offering a simpler
alternative to distillation [23] or generative approaches [4].

Experimental analysis on three different datasets demon-
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strates that the proposed MLR and IFA modules pro-
vide noticeable improvements over existing state-of-the-art
(SOTA). Ablation studies show that each component con-
tributes meaningfully, outperforming alternative designs or
variations built on different assumptions.
The contributions of this work can be summarized as:

* A multimodal latent replay framework for learning new
tasks using a model with pre-trained unimodal encoders
(visual, language, and state). By storing latent features
instead of raw data, our method reduces the memory foot-
print of previously learned tasks and mitigates forgetting.
An Incremental Feature Adjustment module that sepa-
rates the latent representations of old and new tasks.
Specifically, we modulate the margin between representa-
tions based on the angular distance between old and new
task embeddings, adapting the strength of the loss accord-
ing to the semantic similarity between tasks.

2. Related Work

Lifelong Imitation Learning (LIL) aims to enable robotic
agents to acquire new skills over time without forgetting
previously learned ones, a challenge commonly referred
to as catastrophic forgetting. To address this problem,
some studies have employed rehearsal-based techniques
(also known as experience replay) [4, 14, 26], which re-
play stored past data to help the model maintain perfor-
mance on earlier tasks. For instance, [14], building upon
ER [2], maintains a selection of past trajectories and in-
terleaves them with new ones from the current task during
training. In comparison, CRIL [4] employs generative ad-
versarial networks (GANSs) to synthesize the first frame of
each trajectory and uses an action-conditioned video pre-
diction model to generate subsequent frames based on the
current states and actions. LOTUS [5] allows robots to in-
crementally acquire new skills by identifying recurring pat-
terns within unsegmented demonstrations. These skills are
extracted via an open-vocabulary vision model and orches-
trated by a meta-controller, enabling the agent to solve com-
plex, long-horizon manipulation tasks. Despite their effec-
tiveness, rehearsal-based approaches are often sensitive to
the replay ratio and the similarity between new and previ-
ously learned tasks, resulting in variable levels of forgetting.

Another line of work focuses on progressive model ex-
pansion, where additional parameters or modules are intro-
duced as new tasks arrive, enabling the architecture to grow
adaptively and incorporate new knowledge. BUDS [33]
proposes a method for discovering reusable skills in robotic
manipulation without relying on pre-segmented demonstra-
tions. Using a bottom-up strategy, it autonomously iden-
tifies and organizes skills from long-horizon, unsegmented
demonstrations, allowing robots to handle complex manip-
ulation tasks effectively. In contrast, TAIL [15] applies sev-
eral Parameter-Efficient Fine-Tuning (PEFT) methods, such



as LoRA, to CLIP encoders, creating a specific adapter for
each new task. A key limitation of this approach is that it
requires the task identifier at test time, which may not al-
ways be available in practical scenarios. Another adapter-
based method, ISCIL [10], addresses this limitation by pro-
moting knowledge sharing through the incremental learning
of reusable skills across multiple demonstrations. These
skills are stored in a prototype-based memory, enabling
sample-efficient task adaptation and better generalization in
non-stationary LIL environments. Overall, progressive ap-
proaches generally rely on explicit stage or task identifica-
tion during evaluation and often face challenges in general-
izing to unseen tasks.

Differently, M2Distill [23] is a distillation-based LIL
method that preserves a consistent latent space across vi-
sion, language, and action modalities as new tasks are
learned. It regulates distribution shifts between consecu-
tive learning steps via multimodal distillation and Gaussian
Mixture Model (GMM) policy alignment, ensuring that pre-
viously acquired skills are retained while new ones are in-
tegrated efficiently.

Our approach can be categorized as rehearsal-based, but
it differs from the above-mentioned methods by replaying
multimodal latent representations, which are the composi-
tions of vision, language, the state of the robot, and ac-
tion modalities. Considering that high similarity between
new and previously learned tasks can degrade the perfor-
mance of standard rehearsal-based methods, we introduce a
incremental feature adjustment mechanism based on angu-
lar distance. Compared to other approaches, our pipeline
is much simpler: it does not rely on knowledge distilla-
tion, does not use any PEFT methods, and instead operates
on completely frozen backbones. Moreover, unlike meth-
ods such as LOTUS [26], our approach does not require an
open-vocabulary vision encoder to achieve superior perfor-
mance.

3. Methodology

3.1. Problem Formulation

We frame the LIL problem as consisting of two sequential
phases: a multi-task pre-training stage and a lifelong learn-
ing stage, following prior work [10, 15, 26]. In this subsec-
tion, we provide an overview of this problem formulation,
while the next subsection details our approach.

Multi-Task Pre-Training. Let 7' = {77}7_, denote a
set of pre-training tasks. Each task TJ’- is associated with a
set of IV; expert demonstrations (e.g., trajectories collected
from human operators or expert policies that successfully
perform the task) D; = {Tj’i}f\gl, where each trajectory
T.i = {(o¢, at)}tL:j1 consists of a sequence of L; timesteps
of observation-action pairs collected from expert rollouts.
Here, the observation o, typically includes sensory observa-

6742

tions such as different views of images, proprioceptive sig-
nals and language description of the task to be performed,
while a; represents the expert’s control command (ground
truth action).

The policy 7 (a: | 0<¢), parameterized by 6, predicts the
action a; conditioned on the most recent L; observations,
denoted with o<, £ (0t—r, 41, ,0¢), and is trained to
imitate expert actions using a behavioral cloning (BC) ob-
jective [19]:

J
ZE(OSt,at)~Dj [Lac(mo(a | 0<t), ar)]

=1

min )]
where Lpc denotes a supervised imitation loss (e.g., neg-
ative log-likelihood or mean-squared error). This pre-
training phase is performed jointly over all tasks in an offline
multi-task setting, serving to establish shared representa-
tions and behavioral priors before lifelong learning begins.

Lifelong Learning. After the pre-training stage, the
agent encounters a sequence of unseen tasks 7T
{T1,T5,..., Tk}, where each task T}, arrives sequentially,
with T N7’ = (. At task k, the agent has access to a set
of expert demonstrations Dy, = {7 ;} %, from the current
task, and a limited replay buffer 3. The goal is to adapt
the policy 7y on the union of current and replayed samples
while avoiding catastrophic forgetting.

Formally, the learning objective at task % is defined as:

2

mé)inE(Ogt«,at)N(DkUB) [[’Bc(ﬂ-g(dt ‘ Oft)’ at)] :

3.2. Our Approach

We propose a LIL framework that introduces two comple-
mentary components for the lifelong learning stage: (1)
Multimodal Latent Replay (MLR), which replays compact
multimodal latent representations instead of raw trajecto-
ries, and (2) Incremental Feature Adjustment (IFA), which
regularizes cross-task representations to maintain stability
during continual adaptation. Below, we will first briefly de-
scribe the overall information flow in the neural architec-
ture, including our pretraining, and then describe the main
components we propose for the lifelong learning stage.
Base Policy Architecture. The policy 7y processes mul-
timodal observations o; = {ogv), o), of’}, correspond-
ing to the modalities of visual, language , and state. Each
modality is encoded into a latent feature hﬁ’”) € RE, with
m € {v,l, s} and where E denotes the embedding size, via
modality-specific encoders, modulated by a proper network
and concatenated over the past L time steps to form a multi-
modal sequence H € RM*LXE \where M denotes number
of modalities and L the temporal length of the rollout, re-
spectively. A temporal decoder maps H into a global latent
representation g; € RY, which is then decoded by the pol-
icy head to predict the next action a;. During pre-training,
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Figure 2. Our method is a general multimodal architecture composed of modality-specific encoders (language, vision, and state), a modu-
lation network, a temporal decoder, and a policy head. During the pretraining phase, all architecture modules are trained. In the lifelong
learning phase, only the temporal decoder and policy head are updated using both the new task data and the samples stochastically stored
in the replay buffer. The buffer stores the multimodal features, output of the modulation layer. The model is jointly supervised by both the
Behavior Cloning and the Incremental Feature Adjustment loss, processing the current task and previously stored tasks.

all modules are trainable. Fig. 2 illustrates the proposed
architecture together with the training pipeline. The corre-
sponding implementation details are described in the fol-
lowing text and in Sec. 3.3.

Multimodal Latent Replay (MLR). During the lifelong
learning phase, only the temporal decoder and policy head
are trainable; all other networks remain frozen as learned
during pre-training. We leverage a replay-based method,
MLR, that instead of storing past trajectories with the as-
sociated ground truth action (o<, a;) as in experience re-
play [14], maintains a compact buffer B of multimodal la-
tent representations:

B={(H,,a.)}2, 3)

where H,, is the concatenated latent produced by the frozen
encoders, and Np denotes the total buffer capacity. When
learning a new task, replayed latents from B are com-
bined with the current data D, to form the imitation ob-
jective. MLR effectively stabilizes training and mitigates
catastrophic forgetting without accessing raw sensory in-
puts (e.g., high-dimensional images that occupy large stor-
age space, whereas latent trajectories are much smaller).
Incremental Feature Adjustment. To counter repre-
sentation drift across tasks, we introduce Incremental Fea-
ture Adjustment (IFA), which regularizes the relationship
between latent representations of old and new tasks. Let
9+(T;) denote the global latent representation obtained from
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a demonstration of task 7}, and let »(") (T}) denote a refer-
ence embedding for the same task. When learning a new
task T}, we penalize configurations where g;(7T};) is closer
to old task references than to its own reference:

1
Lin = > max (0, d(an(Te), ) (T1)
(4,k)eP
i<k
— d(gu(T), KO(Ty)) +6) ,
“)
where d(-,-) is a distance measure between two repre-

sentations, P denotes the set of task pairs that are selected
for adjustment, the loss is averaged over all pairs in P, and §
controls the inter-task margin. The rationale of this adjust-
ment is to encourage the representation of each new task to
remain closer to its own reference embedding than to those
of previously learned tasks. Accordingly, IFA introduces
repulsive forces between the current task’s global latent rep-
resentation and previous task references, while maintaining
attractive forces toward its own reference. This mechanism
promotes inter-task disentanglement and preserves within-
task coherence, effectively mitigating representational in-
terference.

If § is fixed, it cannot adapt to each reference pair. The
IFA loss may still take high values even when the current
global latent representation is already sufficiently closer to



the current task reference than to the previous task reference
(see Supp. for details). To allow ¢ to adapt to the relative
positions of references, we express the margin in terms of
the distance between task references:

6 = ad(hO)(T), KT )

where « controls the margin. To magnify differences

between close task references, instead of using the cosine

distance, we propose to use the angular formulation of the
a'd

distance:
a||2|b||2>

In this way, our method can adapt to the distance be-
tween the task references. Overall, during the lifelong stage,
our training objective is:

d(a,b) = arccos( (6)

L = Lgc + Mika Lira - @)

3.3. Implementation Details

Details for Base Policy. Our policy (see Fig. 2) consists
of: vision, language, and state encoders; a FILM layer that
modulates visual and state features via language features;
a temporal decoder; and a policy head. The inputs include
agent-view and eye-in-hand view images (see definitions of
such modalities in Sec. 4) Specifically, we employ the im-
age and text encoders from CLIP encoders [21] as the vi-
sion and language encoders, respectively. A two-layer MLP
serves as the state encoder, and a GPT-2 decoder [20] is
used as the temporal decoder. The vision and state embed-
dings are modulated by FiLM layers [18] to obtain task-
conditioned representations. The rehearsal buffer B is pop-
ulated by randomly sampling trajectories from the current
task rollouts 7y, while maintaining a balanced allocation
across all previously encountered tasks.

Task Pair Selection for IFA. Task pairs are drawn from
the set P based on their similarity in both the language and
agent-view modalities (see modalities definitions in Sec. 4).
For each task, we extract the latent features h(") (language)
and h(®) (agent-view) from the current task data as well
as from the previously stored samples in the buffer. For
any two tasks T; and T, the modality-specific similarity is
computed as the mean cosine similarity across all pairs of
timesteps:

N; Nj
Sim, (T3, Tj) = — ) hiy (T3) This ()
e 19 j - ] ] s - .
NiNj = S IR (T) 2 1R (T5)] 12

®)

where e € {agent-view, language}. We compute Sim,
and Simy; for all task pairs, rank them by similarity, and ap-
ply IFA only to pairs that (1) simultaneously fall within the
top 50% of most similar pairs in both modalities and (2)
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include one newly introduced and one previously learned
task.

Reference Choice. We take the language embedding
h(") of each task as its reference h(") (T}) for IFA, being the
task language description informative for the task at hand,
and with a stable and fixed representation. We empirically
justify our choice in the experimental section.

4. Experimental Analysis

Benchmark Suite and Datasets. We conduct all exper-
iments using the LIBERO lifelong robotic manipulation
benchmark [14]. This benchmark provides a diverse set of
manipulation tasks that closely resemble human daily activ-
ities, such as turning on a stove, moving books, or opening
drawers. Each task is specified by a natural language in-
struction, for example: “Open the top drawer of the cabinet
and put the bowl in it.”

We follow the setup of prior SOTA, e.g., [23, 26],
and adopt three task suites from the LIBERO bench-
mark: LIBERO-OBJECT (10 tasks), LIBERO-GOAL
(10 tasks), and LIBERO-50 (50 kitchen tasks selected
from LIBERO-100). These suites respectively evaluate the
robot’s ability to perform diverse actions, and handle com-
plex long-horizon task compositions. All datasets incorpo-
rate visual, linguistic, and proprioceptive information, com-
prising agent-view and eye-in-hand cameras, textual task in-
structions, executed actions, and internal robot states, sup-
porting multimodal policy learning. Specifically, agent-
view provides a visual perspective of the scene, offering spa-
tial and contextual information about the environment, ob-
jects, and overall scene layout. Eye-in-hand captures fine-
grained visual information from a camera mounted on the
robot’s end-effector. Language encodes textual task instruc-
tions, guiding the policy by providing semantic goals and
context. Action refers to the current control commands exe-
cuted by the robot. Finally, szate encodes the robot’s propri-
oceptive information, including joint positions, velocities,
and gripper status.

During the pretraining stage, six tasks are used for
both LIBERO-OBJECT and LIBERO-GOAL (|77| = 6),
and 25 tasks are used for LIBERO-50 (|77| = 25), with
each pretraining task containing 50 demonstrations. In the
lifelong learning stage, LIBERO-OBJECT and LIBERO-
GOAL consist of four stages, with one new task introduced
at each stage, while LIBERO-50 comprises five stages, with
five new tasks added per stage to maintain computational
feasibility. Each new task in the lifelong stage includes 10
demonstrations.

Evaluation Metrics. We evaluate policy performance
using three standard metrics commonly employed in life-
long learning [14, 22, 26]: Forward Transfer (FWT), Neg-
ative Backward Transfer (NBT), and Area Under the Curve



Table 1. Comparison of results on the LIBERO benchmarks (mean + standard deviation). “NA” indicates not available. Best results are

shown in bold.

Method LIBERO-OBJECT LIBERO-GOAL LIBERO-50
FWT? NBT/ AUC?T FWT? NBT/ AUC?T FWT? NBT/, AUC?T

Sequential [14] 62.041.0 63.0+2.0 30.0£1.0 55.0+1.0 70.0+£1.0 23.0£1.0 32.0+1.0 90.0+2.0 14.04+2.0
ER [2, 14] 56.041.0 24.0+1.0 49.0£1.0 53.0+1.0 36.0+1.0 47.042.0 35.0+3.0 49.0+1.0 36.04+3.0
BUDS [26, 33] 52.042.0 21.0+1.0 47.0£1.0 50.0+1.0 39.0+1.0 42.0+1.0 2943.0 50.0+4.0 33.04+3.0
LOTUS [26] 74.043.0 11.0+1.0 650430 61.043.0 30.0+1.0 56.0+1.0 39420 43.0+£1.0 45.042.0
ISCIL [10] 717419 119451 663437 70443.6 19444.1 605425 47.8+1.3 15.0+4.8 37.7+2.1
M2Distill [23] 75.043.0 8.0+50 69.044.0 71.0£1.0 20.0£3.0 57.042.0 NA NA NA
TAIL [15] 415429 225421 382425 41.0412 227411 374413 31.843.0 193494 20.143.3
MLR (Ours) 83.3+2.6 123424 77.6+3.0 78.8+22 10.0+£7.5 74.64+27 58.044.0 20.6+9.0 54.7+2.4
MLR + IFA (Ours) 84.6+£1.9 114456 79.4+1.5 80.0+2.5 6.9+09 77.2+1.8 60.8+2.8 8.6:6.2 56.1+1.8

(AUC). All three metrics are computed in terms of success
rates [14]. While these metrics are widely used, their com-
putation can slightly vary across studies; therefore, for con-
sistency and fair comparison, we adopt the same definitions
and calculation procedures as the studies we compare our
method with, e.g., LOTUS [26].

Let M denote the total number of tasks in the life-
long learning sequence, and r; ; denote the agent’s success
rate on task j after it has learned the first ¢ tasks. FWT
measures how well the agent adapts to new tasks and is
defined as FWT = & >"™ 7 . higher FWT indi-
cates faster adaptation. NBT measures forgetting on pre-
vious tasks, with lower values indicating less forgetting:

M
NBT,, = 3750 Ygemi1(Fmum — Tgm), and NBT =

T Z%_ll NBT,,. AUC reflects average performance

across all tasks, computed as AUC = ﬁ Z%:l AUC,,,
where AUC,,, = m (Pmm + Zéw:mﬂ Tq,m); higher
AUC indicates better overall success.

Setup. Our experiments are repeated across three ran-
dom seeds, with 20 trials per seed—each trial starting from
a different configuration of the environment, i.e. different
initial state of the gripper. They are conducted on a single
NVIDIA A100 GPU, with the pretraining stage and life-
long learning stage both using a batch size of 10 and trained
for 100 epochs. We employed the AdamW optimizer [16]
with a learning rate initialized to 10~* and a linear sched-
uler. The weighting coefficient \jga is fixed to 0.1. The best
angular scaling factor « are 0.3, 0.7, and 0.1 for LIBERO-
OBIJECT, LIBERO-GOAL, and LIBERO-50, respectively
(see Supp. Mat.). We store the multimodal features in
the buffer during MRL, with a total size equivalent to five
demonstrations per task, following SOTA [26].

4.1. Results
4.1.1. Comparison with SOTA Methods

To assess the capability of our method to learn new tasks
while mitigating forgetting of previous ones, we compare its
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performance against state-of-the-art methods (see Tab. 1).
We include several different methods for comparison: Se-
quential, which fine-tunes each new task in order, using the
ResNet—Transformer architecture proposed in [14]; Experi-
ence Replay (ER) [2, 14], which stores raw trajectories in
a buffer; BUDS, a hierarchical policy-based method [33],
which was adapted in [26] to support LIL, LOTUS [26], IS-
CIL [10] and M2Distill [23]; We also adapt TAIL [15] to
the LIL setting, following the protocol of LOTUS [26] (see
Supp. Mat. for details).

The proposed MLR already yields substantial improve-
ments over existing SOTA, such as LOTUS [26], ISCIL
[10], and M2Distill [23]. In particular, MLR achieves
higher FWT and AUC while maintaining competitive NBT
values, confirming that our replay strategy alone effectively
promotes knowledge retention and forward transfer. When
combined with IFA, the performance further improves on
every metric. MLR + IFA achieves the highest FWT and
AUC and among the lowest NBT values across all bench-
marks. For example, on LIBERO-GOAL it improves AUC
from 60.5 (ISCIL) to 77.2 while reducing NBT from 19.4 to
6.9, indicating a clear reduction in catastrophic forgetting.
On the more challenging LIBERO-50 benchmark, MLR +
IFA attains a large margin over all baselines, demonstrat-
ing superior scalability to longer and more diverse task se-
quences. These results confirm that MLR provides an effi-
cient and stable mechanism for continual imitation learning,
while the IFA module further refines the replayed represen-
tations to enhance both stability and transfer. The combina-
tion delivers the best balance between knowledge reuse and
plasticity, establishing a new SOTA on all LIBERO bench-
marks.

4.1.2. Ablation Study

We conducted a series of experiments to investigate several
key aspects of the proposed method. In Tab. 1, we com-
pare our method using latent replay alone (MLR) and with
the IFA component included (MLR + IFA). As seen, in-



Table 2. Influence of different modality similarity on the pro-
posed method’s performance. “AV”, “Lan”, “EIH”, “Act”, and
“Sta” denote Agent-view, Language, Eye-in-hand, Action, and
State modalities, respectively.

Modality LIBERO-OBJECT LIBERO-GOAL
FWT?t NBT/ AUCt  FWT{  NBTJ AUCH

AV 838422 1114104 789426 77.742.6 7.8427 73.9+2.6
Lan 833407 13.543.1 773419 77.1£19 123408 71.8+2.0
EIH 844409 161431 77.1+1.1 750433 56439 727442
Act 84.642.6 207436 751414 738425 25442 732411
Sta 82.543.3 1124106 775426 783+5.1 82424 749459
Lan+Act 825433 1124106 77.542.6 750433 5.6439 727442
Lan+EIH 833414 165490 75.6+£53 750433 56439 727442
Lan+Sta  84.6+2.6 174464 767406 750433 56439 727442
Lan+AV  84.6+19 114456 794415 80.0+25 69409 77.2+18

Table 3. Ablation on task pair selection proportion used when
calculating IFA.

Buffer FWT?{ NBT| AUCt
333% 833+2.6 1234+24 77.6£3.0
LIBERO-OBJECT 50% 84.6+1.9 11.4+5.6 79.4+1.5
66.6% 83.3+14 164490 75.8+5.3
333% 80.0+2.5  6.9+0.9  77.2+1.8
LIBERO-GOAL 50% 80.0+2.5 6.9+0.9  77.2+1.8
66.6%  82.0+0.9 15.4+16.7 75.6+8.7

Table 4. Effectiveness of choosing different references. “Lan”
stands for language. See the text for a description of the “mean
global” reference.

Reference FWT? NBT/ AUCT
LIBERO-OBJECT Mean global‘ 79.6+7.21  83+12.2  75.7+1.1

Lan+agent view 84.6+1.9 114+56  79.4+1.5
LIBERO-GOAL Mean global‘ 77.1+£3.1 15.746.1  70.5+6.0

Lan+agent view 80.0+2.5 6.94+0.9 77.2+1.8

corporating IFA improves performance across all datasets
and metrics. Below, we perform several ablations to exam-
ine the impact of different design factors, such as modality
pairing, buffer configuration, and loss formulation, on the
overall performance. Further results and analyses are in-
cluded in the Supp. Mat.

Influence of Different Modality Similarity on IFA.
Based on the task pair selection for IFA described in
Sec. 3.3, we analyze how using an alternative modality
e to compute Sim.(7T;,T;) affects the effectiveness of
IFA and, consequently, the overall performance of the
proposed method. In addition to evaluating each modality
individually, we also consider combinations with language,
since language serves as the reference in our design. As
shown in Tab. 2, the language and agent-view pairing
(that is the one our approach leverages) achieves the best
overall performance, improving both AUC and FWT while
maintaining low forgetting (NBT).
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Table 5. Impact of varying the probability of storing features in
the buffer, affecting buffer size.

Probability ~ Storage FWT?t NBT/| AUCT

0.50 188MB 84.6+1.9 11.4£5.6 79.4+1.5

LIBERO-OBJECT 0.20 75.3MB 80.5+7.5 12.5+7.1  77.7£10.0
0.10 37.6MB  79.9+12.6 13.446.1 76.6+14.1

0.50 121.2MB  80.0+2.5 6.94+0.9 77.2+1.8

LIBERO-GOAL 0.20 60.6MB  783+19 106480 77.4+4.6
0.10 303MB  787+13 2524104 66.2+638

Effect of Task Pair Selection Proportion. After

identifying the language and agent-view modalities as the
criteria for IFA as shown in Tab. 2, we further investigate
how varying the proportion of selected task pairs influences
the performance. The experimental setup is consistent
with the previous section, with the only difference being
that the independent variable is the selection proportion of
task pairs. As shown in Tab. 3, selecting the top 50% of
task pairs consistently achieves the highest FWT and AUC
while maintaining low NBT, indicating the most stable and
effective overall performance.

Effectiveness of Choosing Different References.
Different from using the latent feature of language as the
reference, i.e., h")(T}) = h(Y(T},), we also consider the
centroid of each task’s global latent representations. For
previous tasks, we computed the mean of all the global
latent representations for each task. During the lifelong
learning of the next stage, this means representation serves
as the reference for the corresponding previous task. For
the new task, we use the mean of its global latent repre-
sentations accumulated from the start of the current epoch
as its reference. All other settings remain unchanged. As
shown in Tab. 4, using the latent feature of language as the
reference consistently achieves better performance than the
averaged global representation.

Impact of Varying Data Storage Ratios. We inves-
tigate the impact of varying the buffer size on lifelong
learning performance, by setting the probability of storing
features in the buffer. In particular, we use either 0.10,
0.20, or 0.50 probability of storing a feature for each new
task demonstration. As shown in Tab. 5, retaining fewer
representations generally leads to performance degradation,
while storing a larger fraction consistently yields more
stable results across tasks.

Angle-Based versus Cosine Distance-Based Loss. We
further compare the angle-based loss described in Sec. 3.2
with the cosine distance loss. As shown in Fig. 3, the angle-
based loss calculation consistently outperforms the cosine
distance-based calculation across all metrics. Notably, even
the cosine distance—based calculation surpasses all SOTA
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Figure 3. Comparison between cosine distance and angle-based
IFA loss calculation.
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Figure 4. UMAP visualization of the global latent representation
g(T%) obtained when not enforcing the IFA loss (left) or when
enforcing it (right). Each color represents the global latent repre-
sentations of one task.

Table 6. Average cosine similarity between task 8 embeddings and
references from other tasks after lifelong training. “w/0” and “w”
denote training without and with IFA, respectively (see main text
for details).

LIBERO-OBJECT LIBERO-GOAL

T6 T7 T8 T6 T7 T8
w/o 0.1265 0.1374 03590 0.2191 0.2319 0.3652
w 0.1197 0.1218 0.3482 0.1977 0.2345 0.3877

methods and improves upon the MLR-only setting (see
Tab. 1). However, its standard deviation is notably higher.

IFA effects in the latent space. To better highlight the
advantages brought by the proposed angle-based IFA in the
learning dynamics, we compare the global latent represen-
tation distributions obtained both training without apply-
ing IFA (denoted with “w/0”) or applying it (denoted with
“w”), with all other settings identical, using UMAP [17]
visualization, shown in Fig. 4. Notice that all experimen-
tal settings are identical except for the presence of IFA.
Without the contribution coming from the IFA loss (Fig. 4-
left), embeddings of different tasks are intertwined, show-
ing low inter-task separation and moderate intra-task co-
hesion, which can lead to catastrophic forgetting as new
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task features may overwrite old ones. When the IFA com-
ponent is enforced (Fig. 4-right), embeddings form com-
pact, distinct clusters around their task-specific references,
reflecting higher inter-task separation and improved intra-
task cohesion. This aligns with the IFA loss, which pe-
nalizes embeddings closer to other tasks’ references than
their own, enforcing repulsion between tasks and attraction
to their own reference. The bottom plot, together with the
quantitative results presented in this paper, confirms that
IFA successfully produces task-aware embeddings, reduc-
ing interference and stabilizing lifelong learning by orga-
nizing the feature space into distinct, task-specific clusters.
Notably, Fig. 4 also shows some task embeddings are al-
ready separated without IFA. In this situation, IFA targets
such high-similarity cases using an adaptive, angle-based
margin, which preserves small distinctions that cosine sim-
ilarity compresses. Therefore, very similar tasks might still
remain highly similar or overlapping.

To further examine IFA’s effect on task-level feature sep-
aration, we report in Tab. 6 the average cosine similarity be-
tween task 8 and references from other tasks after lifelong
training. Higher cosine similarity indicates closer align-
ment in the reference space, which can lead to interference
between tasks. On LIBERO-OBJECT, where IFA is only
applied between tasks 8 and 7 (i.e., no IFA used for any
other task pairs), the similarity between task 8 and task 7
decreases from 0.1374 to 0.1218. Similarly, on LIBERO-
GOAL, where IFA is only applied between tasks 8 and 6, the
similarity between task 8 and task 6 decreases from 0.2191
to 0.1977. Such consistent reductions indicate that IFA suc-
cessfully increases inter-task separability as intended.

5. Conclusion

We presented a lifelong imitation learning framework that
enables agents to continuously acquire new skills while mit-
igating catastrophic forgetting. By having our Multimodal
Latent Replay and Incremental Feature Adjustment, our
method efficiently stores and reuses compact multimodal
representations, leveraging frozen pretrained encoders to
achieve robust performance even when tasks share similar
latent features. Our approach sets a new SOTA on LIBERO
benchmarks, improving task transfer and reducing forget-
ting across diverse multimodal tasks. Looking forward,
exploring more complex or longer task sequences, cross-
domain and real-world robotic scenarios, and integration
with reinforcement learning offers exciting opportunities to
further extend the adaptability and generality of our frame-
work, addressing challenges that are broadly difficult in life-
long learning research.
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Lifelong Imitation Learning with
Multimodal Latent Replay and Incremental Adjustment

Supplementary Material

This supplementary material includes extended imple-
mentation details of our method, as well as descriptions of
the state-of-the-art methods used for comparison in Sec. A.
Next, we present additional ablation studies that reflect and
justify the design choices of our components and their pa-
rameter configurations in Sec. B. Sec. C offers further anal-
yses on IFA and the choice of the task reference embedding,
including an explanation of why angle-based computation
can be more effective and how the adaptive parameter is de-
signed. Finally, we report the computational efficiency of
our method in Sec. D.

A. Extended Implementation Details

A.l. Our Framework

During multi-task pre-training, each task 7 includes N; =
50 expert demonstrations. In the lifelong learning stage,
each new task 7y provides N = 10 demonstrations, fol-
lowing the setup used in prior state-of-the-art (SOTA) meth-
ods [23, 26]. Each rollout in the LIBERO suites consists of
70-300 time steps.

Our architecture follows the general design introduced in
prior work [15], where each action is predicted from the pre-
vious L = 8 observations. Specifically, we employ CLIP-
base [21] as both the vision encoder and the language en-
coder, each implemented as a 12-layer Transformer. A 6-
layer GPT-2 decoder [20] serves as the temporal decoder,
processing the visual and state tokens from the last eight
steps and outputting the parameters of a 5-component Gaus-
sian Mixture Model (GMM) over continuous actions. The
use of a GMM policy head is a common practice in the
LIBERO benchmarks [14]. Task instructions are injected
via FiLM-based [18] conditioning of the visual and state
representations within the modulation network. During pre-
training, we train only LoRA adapters (with rank-8) in the
CLIP backbones, together with the temporal decoder and
the GMM policy head. In the lifelong learning stage, only
the temporal decoder and policy head are updated for each
new task, as depicted in Figure 2 in the main paper.

A.2. State of the Art

For the methods reported in Tab. 1 of the main paper, Se-
quential [14], Experience Replay (ER) [2, 14], BUDS [26,
33], and LOTUS [26] all use the same architectural setup
and training configuration as LOTUS. Specifically, LOTUS
employs a skill-discovery module to predict subgoal ac-
tions, which are then composed into a full action sequence

to accomplish the task, and the numerical results for these
methods are taken directly from the original LOTUS pa-
per [26]. As for ISCIL [10], each skill is associated with its
own adapter, and during evaluation the method retrieves the
adapter corresponding to the skill most similar to the current
input. For ISCIL, we use the implementation from [11],
which has been adapted for the LIBERO setting. In this
way, the same training setup as other methods is followed,
ensuring fair comparisons.

We exploited an in-house implementation of TAIL [15]
(note that the official code for TAIL [15] is not available).
We verified that our implementation has the same number
of parameters as reported in the TAIL paper, and therefore
use it for all comparisons with confidence. As the official
implementation is unavailable, we ensured architectural and
training consistency with the original paper to maintain fair
comparisons. We will make the corresponding code pub-
licly available upon acceptance of our paper to foster future
research in this direction.

TAIL [15] is a task-ID-based method that trains a sep-
arate adapter for each task to adapt the shared backbone to
the corresponding data distribution. At test time, TAIL re-
quires the task ID to select the correct adapter. To make
TAIL compatible with the task-ID—agnostic LIL setting
considered in the main paper, we first train it following the
original procedure, without any modification. During eval-
uation, since multiple task-specific adapters are available at
a given stage of the lifelong phase, we compute the suc-
cess rate of each task as the average performance across all
adapters available up to that point. This averaging simu-
lates task-ID agnostic inference, where the correct adapter
cannot be selected, and follows the same evaluation strategy
adopted in LOTUS [26] when adapting task-incremental
methods to LIL. All reported metrics use this averaged suc-
cess rate, ensuring a fair comparison with LIL approaches
that employ a single shared policy.

B. Additional Ablation Studies

B.1. Influence of the Angular Scaling Parameter o
in IFA

We conducted an ablation study to evaluate the impact of
different values of the angular scaling factor « in the adap-
tive IFA formulation (Tab. 7). The best-performing values
of v are 0.3, 0.7, and 0.1 for LIBERO-OBJECT, LIBERO-
GOAL, and LIBERO-50, respectively.

The adaptive margin § is defined as proportional to



Table 7. Ablation on different angular scaling factor « in the adap-
tive IFA.

Dataset e FWT1T NBT| AUCT
0.10  81.843.2 12.443.6  77.3+1.4
LIBERO-OBJECT 030  84.6+1.9 114456  79.4+1.5
050 82.1+0.7 18.3£10.3  73.244.1
0.70  81.7+0.7 8.4+3.3 77.3+2.4
0.10 80.8+4.0 12.0£11.3 754488
LIBERO-GOAL 030 81.3+3.3 152473 74.7+6.7
0.50  79.2£1.9 12.8+£2.8 73.1£2.3
0.70  80.0+2.5 6.9+0.9 77.2+1.8
0.10  60.8+2.8 8.6+6.2 56.1+1.8
LIBERO-50 030 53.6+£4.0 7.6+£10.0 52.0+1.4
050 58.5+3.6 8.9+4.9 53.24+34
0.70  60.5+2.2 10.6+1.1 54.242.3

Table 8. Comparison between LoRA adapters with different ranks
(R) and full fine-tuning (FFT).

LIBERO-OBJECT LIBERO-GOAL

FWT1 NBT| AUC?H FWT1 NBT/| AUCH

R=8 575+02 79+£1.0 52.8459 593409 11.5+£33 54.1£0.7
R=16 489+7.1 -5.6+04 504469 563+53 4.4+189 53.6+24
R=32 538+02 -02+6.7 542423 63.847.1 7.5+13.0 60.0+1.5
FFT 84.6+1.9 114456 794+15 80.0+2.5 69+£09 77.2%1.8

the angular distance between the reference embeddings of
the current task and the most similar previous task: § =
Qv arccos (%) Intuitively, this ensures that tasks with
larger semantic differences are more strongly separated in
the latent space, while similar tasks remain closer, preserv-
ing within-task coherence.

For LIBERO-50, the largest and most diverse bench-
mark, smaller a (0.1) gives the best overall performance,
likely reflecting the denser arrangement of task reference
embeddings—Ilarger margins could over-penalize nearby
tasks. However, performance at o = 0.7 remains compa-
rable, indicating that the adaptive IFA is relatively robust to
the choice of a even in large, densely packed task suites.
This suggests that o can be tuned to balance inter-task sep-
aration and latent stability without critically affecting per-
formance.

B.2. Adapters versus Full Fine-tuning.

During the lifelong learning stage, our default configuration
fine-tunes all parameters of the temporal decoder. For com-
parison, we also evaluate a parameter-efficient variant based
on Low-Rank Adaptation (LoRA) [5], where the temporal
decoder is frozen and LoRA modules are inserted into the
attention projection layers (query/key/value and output pro-
jections) and the MLP feed-forward layers. We experiment
with different LoRA ranks, and the results are summarized

Table 9. Effect of using FiLM layers during lifelong learning.

LIBERO-OBJECT LIBERO-GOAL

FWTt  NBT, AUCH FWT?t NBT/) AUCH

w/o FILM ~ 43.8+3.5 8.8+7.7 41.6£02 57.6+17.7 0.83+7.5 56.3+2.1
w FiLM 84.6+1.9 11.4+56 794+15 80.0+2.5 69409 77.2+1.8

in Tab. 8.

These results reveal a substantial performance gap:
full fine-tuning significantly outperforms the LoRA-based
adaptation across all datasets and metrics. This indicates
that, in our setting, the temporal decoder requires sufficient
capacity to capture complex temporal dynamics and inte-
grate information coming from the MLR and IFA losses,
which parameter-efficient approaches alone cannot provide.
Furthermore, LoRA introduces additional hyperparameters
that require grid search, making it less practical for large-
scale lifelong learning scenarios.

B.3. Influence of Using FiLM Layers.

In our model, the outputs of the vision and state en-
coders are modulated by FiLM layers [18] to obtain task-
conditioned representations. To empirically justify their
contribution, we ablate the model by removing FiLM layers
during the lifelong learning stage (see Tab. 9).

As seen, incorporating FiLM layers significantly im-
proves FWT and AUC compared to the variant without
FiLM. Although the no-FiLM variant shows slightly lower
NBT, this is due to its overall weaker learning performance
rather than genuine resistance to forgetting. These results
indicate that explicit feature-wise modulation is crucial for
effective adaptation: by dynamically scaling and shifting
intermediate activations, FiLM allows the network to ad-
just its internal representations efficiently to the condition-
ing signal, improving forward transfer and overall learning
effectiveness.

C. Extended Analysis

C.1. Selection of a stable task reference

As described in the main paper, our proposed Incremen-
tal Feature Adjustment (IFA) is a regularization technique
designed to counter representation drift across tasks dur-
ing Lifelong Learning (LIL). IFA achieves this by ensuring
that the global latent representation (g;(7%)), which is the
output of the temporal decoder for the current task T}, re-
mains closer to its own task reference (h(") (T})) than to the
references of previously learned tasks (h(”(Tj)). This in-
troduces repulsive forces between the current task’s global
latent representation and previous task references, promot-
ing inter-task disentanglement and preserving within-task
coherence.

The efficacy of IFA relies critically on selecting a stable



Table 10. Task-reference comparison on LIBERO-OBJECT and LIBERO-GOAL. See text for the explanation of “Mean Global” and
“Global”. “Language”, “AgentView”, “Eye-in-hand”, and “State” use the corresponding modality-specific latent feature as the task refer-
ence. The smallest cosine distance is highlighted in bold, and the second smallest is underlined.

LIBERO-OBJECT

| LIBERO-GOAL

Task Reference Task 6 Task 7 Task 8 Task 9 ‘ Task 6 Task 7 Task 8 Task 9
Mean global 0.565 0.555 0.549 0.454 0.485 0.354 0.501 0.437
Global 0.811 0.802 0.797 0.703 0.735 0.583 0.752 0.684
Language 0.668 0.701 0.656 0.677 0.591 0.610 0.629 0.680
AgentView 0.947 0.951 0.973 0.994 0.976 0.957 0.980 1.051
Eye-in-hand 1.008 0.974 1.005 1.005 1.018 1.037 0.987 1.042
State 1.068 1.012 1.024 1.006 1.033 1.072 1.005 1.036
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Figure 5. UMAP visualization of the global latent representations
g(T},) obtained when not enforcing the IFA loss, each color repre-
sents the global latent representations of one task.

and representative task reference (h(™)) for each task. The
motivation for this selection can be seen from the visualiza-
tion in Fig. 5: we observe that the global latent represen-
tations of a given task naturally cluster together in the em-
bedding space. This clustering indicates that each task can
be summarized by a single, representative point that reflects
the overall location of its features.

To justify our choice of the language latent feature as
the task reference (h(™), we compared it against other vi-
able candidates. We computed the average cosine distance
between these candidates and the global latent representa-
tions of their corresponding tasks (on LIBERO-OBJECT
and LIBERO-GOAL, Tasks 6-9), evaluating both their rep-
resentativeness and their stability during incremental learn-
ing. The task reference candidates evaluated were the mean
latent feature derived from different modalities (first col-
umn of Tab. 10): Mean global, the mean of all global la-
tent representations for a task; Global, a measure derived
by averaging the distances obtained when treating each in-

dividual global latent representation as a separate, unsta-
ble candidate reference; Modality-Specific Latent Features,
the mean latent feature of a specific modality, such as lan-
guage, agent view, eye-in-hand, or state (see Section 4).
For example, when using the agent-view modality, we take
the mean agent-view latent features of the task as the task
reference and compute its average cosine distance to all
global latent representations of that task (see Tab. 10). This
data confirmed that using the mean of all global latent rep-
resentations (the Global Latent Feature candidate) yields
the smallest cosine distance, proving it is the most statis-
tically representative point. Despite being the most repre-
sentative, the mean global reference is fundamentally un-
stable. During the ongoing process of Lifelong Incremen-
tal Learning (LIL), the dynamic changes in model parame-
ters cause the latent representations, and consequently their
mean, to change over time. This drifting reference hin-
ders the ability of IFA to consistently regulate representa-
tion drift. Crucially, the language latent feature produced
the second-smallest distances. Furthermore, the language-
based task reference (which is identical to its mean since the
language modality provides a single, fixed embedding per
task description) remains stable throughout training. It even
outperformed the unstable "Global" baseline. Given that a
stable anchor is essential for IFA to effectively prevent rep-
resentation drift across tasks, we adopt the language latent
feature as our definitive task reference (h(")), prioritizing its
stability for reliable regularization over the slightly higher
representativeness of the unstable mean global feature.

C.2. Extended details for MLR and IFA.

MLR. In the lifelong learning stage, we utilize the pro-
posed Multimodal Latent Replay (MLR). Instead of storing
raw sensory data, a compact buffer B maintains the mul-
timodal latent representations (H), which are concatenated
from the frozen encoders, alongside the associated action
(a) for training. In subsequent tasks, the stored H from pre-
vious tasks is fed into the temporal decoder for replay.
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Figure 6. Illustration of the cosine function and its inverse.

IFA. To prevent interference (catastrophic forgetting) be-
tween the current task (7}) and the previously learned
tasks (7)), we introduce the IFA. IFA’s core mechanism
encourages the global latent representation of the current
task (g¢(Tx)) to remain closer to its own stable reference
(h(r) (T%)) than to the references of previously learned tasks
(h(")(T})).The IFA loss is explicitly defined to penalize vi-
olations of this distance constraint:

1
£[FA = W E max (0, d(gt(Tk)a h(T) (Tk))
(j»k)g"’
7<

— d(gu(Ti) B(T)) +6))

©))

The margin  adapts to the relative positions of the task
references themselves:

5:ad(M”am,M”aw) : (10)

Angle-based distance. The IFA loss is explicitly driven
by the difference in distance between the global latent repre-
sentation g;(7};) and the task references: the positive refer-
ence h(") (T},) (for the current task T}) and the negative ref-
erences h(")(T}) (for the previous tasks 7}). Therefore, we
compared how the standard cosine similarity and its angular
counterpart (distance d(-, -) = arccos(-)) behave when used
inside this crucial distance difference.

Fig. 6 illustrates this comparison. The left panel plots
cos(f) as a function of the angle § € [0, 7] between two
unit vectors, while the right panel shows arccos(z) as a
function of z € [—1,1]. Cosine (left) quickly saturates in
the high-similarity regime: when two representations are al-
ready very close, even noticeable angular changes produce
almost no change in cos 6, making the resulting distance dif-
ference extremely small and hard to distinguish. In contrast,
the angular distance arccos(z) (right) expands this high-
similarity region; small changes in x near 1 translate into
clearly separable angular differences, providing more sta-
ble resolution across similarity levels and allowing IFA to
better capture small deviations between task-level represen-
tations. Outside this range, arccos(x) behaves similarly to

Table 11. Runtime and FLOPs comparison. See text for the expla-
nation of Forward Time, S-FLOPs, and T-FLOPs. All experiments
are conducted on LIBERO-GOAL. P means the probability of
storing features in the buffer, which is ablated in Tab. 5. RR stands
for raw replay, which stores past samples and replays them during
training. Note that BASE stands for running our method without
MLR or IFA. It is included solely to quantify the computational
cost of the base architecture.

Method P Forward Time (ms) S-FLOPs T-FLOPs

BASE - 75.54+2.43 3.63 x 10" 4.36 x 10*7
BASE + RR 0.5 75.8 £2.80 3.63 x 1011 12.96 x 107
BASE + MLR 0.5 75.5 +2.43 3.63 x 10t 7.62 x 10'7
BASE+MLR +IFA 0.5 75.8 + 2.80 3.63 x 10'"  7.62 x 10'7
BASE + MLR +IFA 0.2 75.8 +£2.43 3.63 x 10''  5.66 x 107
BASE + MLR +IFA 0.1 75.8 +2.43 3.63 x 10" 5.01 x 10'7

cosine similarity—differences between representations re-
main distinguishable.

Adaptive §. The choice of § as a fixed hyperparameter
would incur in a risk of choosing an overly large margin.
Specifically, if ¢ is set larger than the distance between the
two task references, i.e., & > d(h("(T}), h("(T})), the
IFA loss will always enforce a penalty. This is guaranteed
by the triangle inequality property of spherical geometry,
which states that the difference between the distances to the
two references is bounded by the distance between the ref-
erences themselves:

d(ge(Tk), K" (T)) — d(ge(Ti), BU(T}))
< d(h"N(Ty,), KUTY)),

If § exceeds this maximum possible difference, the loss term
inside the max(-) will always be positive. This would en-
force an unnecessary repulsive force, even when the current
global latent representation g;(7}) is already sufficiently
closer to its own reference h(")(T},), potentially destabiliz-
ing learning.

To avoid this unnecessary penalty and allow the margin
to adapt to the distance between references, we define § dy-
namically:

§ = ad(h"(T},), h"(Ty)), a€(0,1).

This guarantees that the margin is always bounded by the
inter-reference distance, and scales proportionally to how
far apart the tasks are in the angular space.

D. Computational efficiency

We report the computational efficiency using several pri-
mary metrics related to policy execution in Tab. 11. For-
ward Time refers to the time required to produce one action
(i.e., a single forward pass). We computed forward time



using a NVIDIA A100 GPU, by first running a warming
up stage of 10 inferences (to avoid transient effects from
initialization and caching), and then computing the average
and standard deviation on 100 subsequent inferences.

The S-FLOPs correspond to the total number of
Floating-Point Operations (FLOPs) required for a single
forward pass of the policy to produce one action. This
metric reflects model inference cost and is independent of
data or training procedure. For completeness, we also re-
port T-FLOPs, the total training FLOPs, computed as per-
forward FLOPs multiplied by the total number of forward
pass, backward pass, and gradient update during training
(i.e., FLOPs x epochs x training sampless x 3).

As shown in the result table, both MLR and IFA have
a minimal overhead on per-inference efficiency, indicating
that their additional computations introduce negligible run-
time cost. In terms of total training FLOPs, adding MLR (P
= 0.5) increases the computational cost by roughly 0.75x
on LIBERO-GOAL due to replay, and the less the buffer
is, the less the T-FLOPs. But this increase remains reason-
able and acceptable given the resulting performance gains
compared to the performance in Tab. 5.



