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Humans can continually accumulate knowledge and develop increasingly
complex behaviours and skills throughout their lives, which is a capability

known as ‘lifelong learning’. Although this lifelong learning capability is
considered an essential mechanism that makes up general intelligence,
recent advancements in artificial intelligence predominantly excel in
narrow, specialized domains and generally lack this lifelong learning
capability. Here we introduce a robotic lifelong reinforcement learning
framework that addresses this gap by developing a knowledge space
inspired by the Bayesian non-parametric domain. Inaddition, we enhance
the agent’s semantic understanding of tasks by integrating language
embeddings into the framework. Our proposed embodied agent can
consistently accumulate knowledge from a continuous stream of one-time
feeding tasks. Furthermore, our agent can tackle challenging real-world
long-horizon tasks by combining and reapplyingits acquired knowledge
from the original tasks stream. The proposed framework advances our
understanding of the robotic lifelong learning process and may inspire the
development of more broadly applicable intelligence.

Humans show aremarkable ability for lifelong learning by consistently
acquiring knowledge and adapting to new task scenarios throughout
their lives. Thisinvolves the constant and incremental development of
increasingly complex behaviours, recognized as a crucial mechanism
for achieving general intelligence. Recent advancements in artificial
intelligence have showcased agents achieving remarkable perfor-
mance across a wide range of tasks', such asimage generation’, article
writing® and autonomous driving*. However, even though current
methodologies yield impressive outcomes, they primarily focus on
agents specializedin narrowly distributed tasks. In contrast, untrained
agents generally require more game-play experiences throughout their
lifespan than humans and struggle to generalize effectively to new
variations. One notable gap between machine-intelligent agents and
humansis the lack of lifelong learning capability in current intelligent
agents. Lifelonglearning, also referred to as incremental or continual

learning®”’, addresses the challenge of asynchronously acquiring knowl-
edge from a continuous stream of tasks while mitigating forgetting. Its
primary goal is to gradually extend the accumulated knowledge and
use it for ongoing learning tasks, thereby building more complicated
behaviours by knowledge combination and reapplication. This study
focuses on robotic lifelong reinforcement learning (LRL), a domain
where reinforcement learning provides an agent-environment inter-
actionframework thatis well suited for exploring the learning process
inasequential manner. Figure 1aillustrates the training process for a
general LRL agent in the robotic context. Given an infinite stream of
robotictasks, the agent continually masters the tasks one after another,
consistently accumulating knowledge and skills.

For deep learning-based algorithms, the primary challenge when
facing a stream of tasks is balancing the stability and plasticity’ of
the neural networks. A common issue in this context is ‘catastrophic
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Fig.1| Conceptillustration of robotic LRL process. a, Overview illustration
of the general LRL process. Unlike the conventional multi-task approaches,
where agents have simultaneous access to all tasks, an LRL agent can master
tasks sequentially, one after another. Moreover, the agent should continually
accumulate knowledge throughout the process. This concept emulates the

humanlearning process. b, Our proposed framework under the lifelong learning
concept. We instruct the deployed embodied agent to perform long-horizon
tasks using language commands. The agent accomplishes these tasks through
the combination and reapplication of acquired knowledge.

forgetting”®. This refers to the phenomenon where the neural net-
work parameters associated with previously learned skills are rapidly
overwrittenwhen the agent learns new incoming tasks. Consequently,
the agent’s performance substantially deteriorates when revisiting
previously mastered tasks. Recent lifelong machine learning studies
have introduced various approaches, including regularization>*°,
structure modularity” ™ and experience replay"°. These methods,
however, have primarily been applied to static datasets in conventional
machine learning domains such as vision task classification®”, leaving
their effectiveness in robotic learning unclear. Regularization can
lead to improper parameter shifting and error accumulation, while
structure modularity may struggle with dynamic adaptation when
facing an unknown number of tasks. Without replay, both regulariza-
tion and structure modularity methods tend to overfit on predefined
tasks, lacking the flexibility to adapt to new ones in lifelong learning.
Our approach does not strictly belong to any of these categories but
instead draws inspiration from these methods, aiming to overcome
their limitations while leveraging their strengths.

Inthe context of deep reinforcement learning, acommonideato
avoid ‘catastrophic forgetting’ is through multi-task reinforcement
learning (MTRL)"®?". In MTRL, the agent has simultaneous access to
all tasks during training, avoiding the forgetting probleminherent in
deep neural networks. Recent works in this domain include contex-
tual attention-based representation learning?, soft modularization®,
feature-wise linear modulation® and other baselines***. However, the
MTRL deviates fromactual human learning patterns. While MTRL tries
to avoid the issue of catastrophic forgetting by providing data from

various tasks simultaneously, this problem still persistsin the sequen-
tial learning process. Furthermore, it relies on a predefined range of
task distributions, which are often limited in scope and struggle to
generalize when encountering novel non-parametric task variability's,
Such variability shows qualitative distinction and cannot be adequa-
tely described by continuous parameters, as they require models
to learn entirely new sets of rules and interactions, thus challenging
their generalization capabilities'®. Motivated by MTRL, another set
of approaches to tackle the stability—plasticity dilemma is known as
‘learning to learn’ or meta reinforcement learning’. Recent studies
have provided diverse approaches that enable agents to acquire knowl-
edge across various task distributions while adapting to new tasks
based on acquired knowledge in few-shot or zero-shot manner® %,
Onenotable exampleis continuous environment meta-reinforcement
learning®, which incorporates a Gaussian mixture model in its prior
space of task encoder, which caninfer and cluster the task latent repre-
sentation at a metalevel. However, the Gaussian mixture model faces
limitations due to its reliance on a predetermined task amount, an
assumption incompatible with the typically unknown or infinite task
amountsin LRL.

Our study aims to develop a deep reinforcement learning frame-
work for robotic lifelonglearning. The focusis on continually learning
and preserving knowledge from a stream of one-time feeding task
scenarios. The proposed agent shall not forget the knowledge it
acquired and can consistently perform stably on corresponding tasks
throughoutits lifespan. Moreover, our framework is designed to handle
more complex long-horizon tasks by effectively combining and
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reapplying the underlying knowledge acquired from the ongoing task
stream. This highlights its capability for incremental development of
progressively sophisticated behaviours. To achieve the objective, we
develop aframeworkinspired by the Dirichlet process mixture model
(DPMM), aprominent model in the Bayesian non-parametric domain,
withamemoized variational Bayes inference method (memoVB)*. This
combination enables simultaneous task inference and asynchronous
knowledge preservation at the upstream level. Moreover, our frame-
work utilizes natural language-based side information to assist in task
inference. Thisinformationisencoded by a pre-trained large language
model (LLM)*". The resulting language embedding offers the agent
richer contextual insightsinto the current task scenario, contributing
to more precise and disentangled representations in the knowledge
space. As a result, the collaborative efforts of DPMM and language
embeddings contribute to more accurate downstreamaction pattern
learning. Furthermore, our embodied agent shows the ability to solve
challenging, long-horizon manipulation tasks in the real world by
combining and reapplying knowledge acquired throughoutits lifelong
learning. This showcasesits potential for achieving generaliintelligence
and may inspire the development of more broadly applicableintelligent
agents. We name our proposed framework as LEGION: a Language
Embedding-based Generative Incremental Off-policy Reinforcement
Learning Framework with Non-parametric Bayes.

Results

In this section, we present the test results of our LEGION framework.
We begin by demonstrating its performance in real-world manipula-
tiontasks, covering both long-horizon tasks and the original sequence
of single-task training. Next, we assess how knowledge is preserved
in the prior space. In addition, we provide quantitative data to evalu-
ate key aspects of LRL within our framework. Finally, we highlight
the contribution of our non-parametric knowledge space in few-shot
knowledge recall. The experimental set-up for both simulation
and real-world experiments is detailed in ‘Training and deployment’
inMethods and Supplementary Section 5.

Manipulation performance

Long-horizon tasks. The deployment set-up of our framework is
illustrated in Fig. 1b. To provide human commands of the task descrip-
tions, we use a speech-recognition device and a pre-trained LLM. The
trained embodied agentreceives the state observations conditioned
with language embeddings asinputs. After receiving the observations,
the task encoder infers the knowledge to which it should apply. Sub-
sequently, the downstream policy generates corresponding actions
to accomplish thetask. Inthe real-world scenario, we employ a KUKA
iiwarobotarm as ourembodiment and use aglobal RealSense camera
to acquire vision information. A real-world video demonstration
(Supplementary Video 1) showcases our embodied agent successfully
completing the long-horizon task ‘clean the table’, which consists of
seven sequential subtasks. Our agent accomplishes this by recom-
bining the underlying knowledge gained from the one-time feeding
task stream (Fig. 2), illustrating its effective generalization in the face
of diverse and challenging task distributions. This ability mirrors
the human learning process over a lifetime and is regarded as a key
mechanism underlying general intelligence. Conventional approaches
tosuchlong-horizontasksinvolve relying on human demonstrations
for directimitation. However, these approaches oftenresultin limited
generalization and flexibility when confronting varied task distribu-
tions and sequences. In contrast, our framework offers flexibility
in task execution order, allowing the agent to complete the entire
task in any sequence through the combination and reapplication of
acquired knowledge. To highlight the generalization and flexibility
of our proposed framework, we reorder the subtasks randomly and
present two additional demonstrations in Supplementary Video 2.
Asour broad task assumptionincludes long-horizon tasks with strict

subtask conditions as a subset, we also demonstrate how our agent
solves a conventional strictly conditioned long-horizon task, ‘make
the coffee’ (Supplementary Section 3.2).

Stream of tasks. Given a stream of one-time feeding tasks, our pro-
posed LRL agent can master the task continually, one after the other,
without forgetting previously acquired knowledge. This incremental
learning approach mimics the natural humanlearning process and has
the potential to replace, and eventually surpass, inefficient manual
services in real-world applications. To assess the lifelong learning
capability of our proposed agent, we implement ten distinct robotic
manipulationtasksto build up atask stream. Our agent can gain knowl-
edge asynchronously from this stream and eventually achieve the
given long-horizon task (Supplementary Video 1). The agent under-
goes training on each task for 1 million steps before switching to the
next task. The task sequence follows an easy-to-hard task ordering
(Supplementary Section 3.1): ‘reach > push > pick-place > door open >
faucet open ~> drawer close > button press > peg unplug > window
open - window close’.

To demonstrate the performance of our proposed framework on
its original sequence task distributions, we showcase the snapshots
ofitsreal-world tasks in Fig. 2, and we provide Supplementary Video 3
of all tasks. As observed in the snapshots and video, our proposed
embodied agent completes all tasks within the given time steps. Inaddi-
tion, in each real-world task, we conduct at least three trials, varying the
initial object positions and goal positions. The average success rates
forthesetrials are presented in Extended Data Table 1. To demonstrate
stability and robustness within the given base task distributions, our
embodied agent consistently accomplishes various manipulation
tasks, including ‘reach’, ‘faucet open’,‘drawer close’, ‘button press’ and
‘window open/close’, leveraging asynchronously acquired knowledge.
For some more challenging tasks such as ‘push’, ‘pick-place’and ‘door
open’, our agent can also maintain a high success rate with a score of
atleast 0.67.

Knowledge preservation

We evaluate knowledge preservation through t-distributed stochastic
neighborembedding (t-SNE) visualizations for intuitive understanding
and statistical analysis for quantitative performance assessment
during training. Furthermore, a detailed ablation study highlighting
the contributions of our Bayesian non-parametric knowledge space
and language embeddings is provided in Supplementary Section 3.3.

Visualization. In our framework, the task encoder initially infers the
stateinputsand generates the latent samples as inference results. Sub-
sequently, the inferred task results are fitted into the non-parametric
knowledge space. To assess how the acquired knowledge is preserved
and managed in its space, we use t-SNE to visualize our knowledge
spaceinatwo-dimensional plane. Figure 3a—e shows the projections of
knowledge space after training on two, four, six, eight and all ten tasks,
respectively. Each coloured group signifies acomplete task trajectory
and is assigned to a cluster component in our non-parametric knowl-
edge space. In addition, the order of these samples is represented by
corresponding colour opacity, progressing from light to dark. Notably,
our proposed DPMM modaule in the knowledge space can generate
new components to store new task inference results when switch-
ing environments, facilitating the capability to infer and store new
knowledge. Inaddition, to evaluate how our knowledge space handles
acquired knowledge, we make the agent undertake the training loop
twice. Duringthe second loop, the agent revisits previously mastered
tasks, whose knowledge has been preserved in the agent’s knowledge
space. In this phase, the agent is expected to directly utilize the exist-
ing knowledge to complete the tasks, rather than inferring a new task
knowledge cluster in its prior space. We present the results after the
first loop (circle markers) and after the second loop (cross markers)
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Fig. 2| Performance on real-world single tasks. Snapshots of embodied agent on individual manipulation tasks after LRL.

in Fig. 3f. The t-SNE results demonstrate that our proposed LEGION  Statistics. For a quantitative assessment of our proposed framework,

framework caninfer andidentify earlier acquired knowledge and merge
itinto existing cluster components associated with individual tasks.

we present the performance results in Table 1 of each task in both con-
ventional multi-task and lifelong training processes. The evaluation for
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Cluster 1, 2nd loop (reach)
® Cluster 2, 1st loop (pick-place)

X Cluster 2, 2nd loop (pick-place)

Cluster 4, 2nd loop (faucet open)

Cluster 6, 1st loop (drawer close)
Cluster 6, 2nd loop (drawer close)

Cluster 7, 1st loop (button press)

Cluster 7, 2nd loop (button press)

Cluster 3, 1st loop (door open) ® Cluster 8, 1st loop (window open)
Cluster 3, 2nd loop (door open) X Cluster 8, 1st loop (window open)
Cluster 4, 1st loop (faucet open) ® Cluster 9, 1st loop (window close)

X Cluster 9, 2nd loop (window close)

after the second loop (cross). Notably, the inference results of the second training
loop are merged into corresponding knowledge groups that are preserved
during the firstloop.

MTRL canlead toanin-depth understanding of our frameworkin terms
of synchronized knowledge acquisition and preservation. Inthe context
of lifelong learning, we utilize an easy-to-hard task ordering strategy,
where the agent begins by learning fundamental tasks that serve as
milestones for mastering more complex action patternsinsubsequent
tasks. For more details on other task ordering variations, refer to Supple-
mentary Section 3.1. We report the success rates for each task (row-wise)
after theagenttrained onaone-time feeding task stream (column-wise).
For example, the first column from the left side represents the agent’s
performance onalltasks after it has trained onthe task ‘reach’. Further-
more, we incorporate two additional metrics to evaluate the specific
characteristics of our lifelong learnable agent, namely, ‘forgetting’and
‘forward transfer’. ‘Forgetting’isascalar metricintherange[-1, 1], repre-
senting how much knowledge our proposed agent may forget at the end
ofitslifespan. Alower value in this metric signifies better performance.
‘Forward transfer’, in contrast, has a range of [0, 1] that considers how
much the earlier tasks knowledge aids the subsequent tasks, where a
larger valueindicates better performance. For more details of these met-
rics, referto equations (2) and (3). We also report our agent’s multi-task
performance of each task listed in the right column of the table. Each
datum in the table is based on trials with five random seeds. The last
row calculates the average value of the data alongside column-wise.
Asindicated in the table, after being trained on earlier tasks, the agent
maintains its performance on corresponding tasks even when trained

with subsequent tasks. This implies that the acquired knowledge is
effectively preserved within the model. The average successrate gradu-
ally increases, reaching 0.84. Furthermore, our proposed framework’s
overall average forgetting scoreis 0.0, showcasingits robust knowledge
preservation capability. We observe that negative scores occur on tasks
such as ‘door open’; this is because the subsequent learning process
enhances performance on previously learned tasks. For instance, after
training on ‘door open’, the agent initially achieves asuccess rate of 0.4
on this task. However, after training on ‘faucet open’, the success rate
for‘door open’improvesto 0.8. Thisimprovement is probably because
theknowledge gained in understanding how to openafaucet (whether
clockwise or anticlockwise) contributes positively to the door-opening
task. Inaddition, positive forward transfer phenomena are observedin
our agent’s lifelong learning process. Specifically, for the task ‘drawer
close’, earlier acquired knowledge from tasks such as ‘push’, ‘pick-place’
and‘dooropen’ contributes to the success of ‘drawer close’. For instance,
the push and pull motions learned from previous tasks aid the agentin
completing the drawer close task. The final average score of this metric
is 0.10. In the context of a multi-task learning process, where the agent
has simultaneous access to alltasks, our framework attains superior per-
formance withafinal success of 0.94 (Supplementary Sections1and2).

Few-shot knowledge recall. Knowledge rehearsal is a critical com-
ponent of lifelong learning. Recent studies, particularly in computer
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Table 1] Statistics of individual task success rate with easy-to-hard task ordering

Train after
Evaluation Lifelong learning Multi-task
Reach  Push Pick Door Faucet Drawer Button Peg Window Window  Forgetting  Forward
place open open close press unplug open close transfer
Reach 1.00 1.00 0.80 0.80 0.80 1.00 1.00 1.00 1.00 1.00 0.00 NA 1.00
Push 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.80 0.80 0.80 0.20 0.00 0.80
Pick-place 0.00 000 0.80 1.00 0.80 0.80 1.00 0.60 1.00 0.80 0.00 0.00 0.80
Door open 0.00 0.00 0.00 0.40 0.80 0.80 0.60 0.40 0.80 0.60 -0.20 0.00 1.00
Faucet open 0.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 0.00 1.00
Drawer close 0.00 1.00 0.80 0.80 0.00 0.60 0.80 0.80 1.00 1.00 -0.40 0.52 1.00
Button press 0.00 0.00 0.00 0.00 0.40 0.00 0.80 0.60 0.80 0.60 0.20 0.07 1.00
Peg unplug 0.00 0.00 0.00 0.00 0.00 0.20 0.00 1.00 0.60 0.60 0.40 0.03 0.80
Window open 0.00 0.00 0.40 0.00 0.60 0.00 0.20 0.00 0.80 1.00 -0.20 0.15 1.00
Window close 0.00 0.00 0.00 0.00 0.00 0.40 0.00 0.40 0.40 1.00 NA 013 1.00
Average 0.10 0.30 0.38 0.40 0.54 0.58 0.64 0.66 0.82 0.84 0.00 0.10 0.94

In LRL, we assess the performance of all tasks (row-wise) once the agent completes training on each one-time feeding task (column-wise). In multi-task reinforcement learning, the agent

is evaluated after simultaneous training on all tasks (row-wise). Each datum is based on at least five trials, with average values reported for evaluation. The metrics ‘forgetting’ and ‘forward
transfer’ are used to assess the specific characteristics of the LRL agent. ‘Forgetting’, in the range [-1,1] (equation (2)), measures the extent of knowledge retention, with lower values indicating
better performance. ‘Forward transfer’, in the range [0, 1] (equation (3)), evaluates how well earlier task knowledge supports subsequent tasks, where higher values denote better performance.

NA, not available.

vision'*'**>** have shown that rehearsal effectively mitigates forgetting
duringthelearning process. However, it remains unclear whether this
technique performs as wellin the robotic domain, where dataare con-
tinuous and time sequential. Inaddition, recent biological research®**
suggests that knowledge rehearsal aids in consolidating long-term
memory and improves performance through deep memory recall,
even after extended pauses (Supplementary Section 9). Building on
these insights, we explore how our proposed agent performs during
few-shot knowledge recall with only intermittent replay.

To demonstrate the application and potential limitations of
existing replay-based lifelong learning methods in robotic reinforce-
ment learning, we conduct comparison experiments against these
baseline methods. All models use the same soft-actor-critic (SAC)
policy, including the neural network backbone and shared hyper-
parameters. Each experiment is repeated at least five times, and the
average success rate and standard deviation during evaluation are
used as metrics to ensure fairness. The following baseline models are
employed for comparison. (1) Reservoir. This baseline uses the ‘res-
ervoir’ sampling method in the buffer to approximate the empirical
distribution of observed samples. The buffer is designed to maintaina
maximum dataratio of 50%. Unlike our framework, thismodel does not
include an upstream inference and knowledge preservation module,
so its policy network inputs consist of only the raw task observa-
tions without the upstream inference representations. This allows
us to assess the strengths of our proposed Bayesian non-parametric
knowledge space in task inference, knowledge preservation and its
impact on overall task performance. (2) Perfect memory. Based on
the ‘reservoir’ baseline, we extend the buffer size to match the total
training steps, meaning that all past trajectories are stored without
beingforgotten or overwritten. (3) Averaged gradient episodic memory
(A-GEM)" is a rehearsal-based method that treats lifelong learning
as a constrained optimization problem. It constructs a global loss
based on old training samples to ensure no loss of performance on
previous tasks, projecting new sample gradients to avoid interference.
Here for each base task, we maintain an episode memory of 10,000.

Figure 4a shows the average success rate during evaluation. As
seeninthe figure, our proposed LEGION framework consistently out-
performs other methods, demonstrating a steady increase in success
rate as new tasks are introduced. While perfect memory maintains

a full buffer, its success rate reaches around 0.2 throughout train-
ing, showing no obvious improvement, highlighting its limitations
in adapting or generalizing as the task stream progresses. Similarly,
reservoir shows a flat performance curve with no notable gains, and
A-GEM also underperformsin our benchmark. To furtherillustrate the
limitations of replay-based methods in robotic LRL, Fig. 4b visualizes
the data ratio in the training batch. For instance, after training on the
second task ‘push’, the data ratio for ‘push’initially remains at around
50%.However, as the agent moves through subsequent tasks, this ratio
gradually decreases, eventually dropping to around 10% by the end
of training. In contrast, in MTRL, the agent trains on individual tasks
withaconstantdataratioin the batch, ensuring stable learning condi-
tions. This gap in the data sampling process during lifelong learning
may weaken knowledge retention and lead to overall performance
degradation over time. Our framework addresses this challenge by
utilizing aBayesian non-parametric knowledge inference and cluster-
ing module, which ensures consistent knowledge preservation and
stable performance throughout the lifelong learning process despite
fluctuating dataratios.

To assess our agent’s knowledge-recall performance after pausing
on tasks for a while, we selected 5 tasks from our original sequence,
ordered fromeasy to hard, and trained the agent on them sequentially
(1 million steps for each task) across 3 repeat loops: ‘reach > push >
faucet open > button press > window close’. In the replay buffer, we
allocated space for data from only three tasks at a time. This set-up
means that while training on the fourth task, datafromthe first task are
gradually replaced by datafrom the fourth, and by the time the fifth task
isreached, replay data from the first task are no longer available. In the
second loop, we revisit the first task and compare its performance in
thesecondlooptothatinthefirst. This processis repeated similarly for
the other tasks during the second and third loops. Extended Data Fig. 1
shows the t-SNE projections of the knowledge space after each task
learning for all three loops. Figure 4c-g shows the average successrates
for eachtask duringthefirstloop (orange) and the subsequent second
(green) and third (blue) loops. As illustrated, despite a 1 million-step
pause for each task, the agent quickly re-masters them in the second
and third loops, surpassing its initial performance. Our framework
demonstrates faster convergence on all tasks during subsequent loops,
following few-shot attempts, emphasizing the benefits of few-shot
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Fig. 4| Evaluation of replay’s contribution in knowledge recall. a, The average
success rates from five runs of the LEGION framework compared with three
replay-based lifelong learning methods: perfect memory, reservoir and A-GEM.
The figure shows that LEGION consistently outperforms these methods,
demonstrating a steady increase in success rate throughout the task sequence.
b, Evolution of the ‘push’ task data ratio within the training batch. While the
batch size remains constant, the data ratio for the ‘push’ task gradually decreases

from an initial maximum of 50% to 10% after learning 10 tasks. c-g, Few-shot
knowledge-recall performance on reach (c), push (d), faucet open (e), button
press (f) and window close (g). The agent is trained sequentially on five selected
tasks over three repeated loops, with buffer capacity limited to three tasks ata
time. This configuration forces the agent to pause on each base task for 1 million
steps without replay. For aand c-g, the data are calculated based on at least five
trials, presented as mean + standard deviation (1 + 0).

memory recall. This mirrors the biological theory of mnemonics,
where knowledge retention supports task re-mastery. Specifically,
inthe ‘reach’ task, despite the enforced pause, the agent consistently
maintains knowledge, achieving asuccessrate of 0.3-0.4 at theinitial
evaluation checkpoint. Moreover, the agent shows an average success-
rate improvement of 0.2 in the final loop compared with its initial
attempts. After few-shot knowledge recallsin the third loop, the frame-
work reaches the maximum success rate on most tasks. Thisimprove-
ment is attributed to effective deep memory recall enabled by our
framework leveraging the DPMM.

To quantify the improvement in few-shot knowledge recall, we
calculate the improvement percentage for each task (Extended Data
Table 2) using equation (4). The results show that the improvement
varies across tasks: 19.63% for ‘reach’, 6.66% for ‘push’,16.77% for ‘faucet
open’, 9.94% for ‘button press’ and 6.78% for ‘window close’ between
the first and second loops. Moreover, comparing the first and third
loopsreveals even greater success-rate enhancements. On average, our
framework shows an11.96% improvement between the first and second
loops and asubstantial 21.36% improvement from the first to the third

loop. These findings highlight our framework’s strong capability for
effective knowledge recall, rapid adaptation and improved task per-
formance through few-shot exploration. The consistentimprovement
across multiple tasks underscores its robustness in re-mastering tasks
and maintaining high success rates, showcasing the potential of our
framework, especially the DPMM knowledge space for advancing LRL.

Discussion
Roboticlifelonglearning focuses onacquiring and retaining knowledge
from a continuous stream of tasks, enabling agents to progressively
build more complex behaviours through knowledge integration and
reuse. Our study presents a deep reinforcement learning framework
that continuously accumulates knowledge from a stream of tasks,
demonstrating human-like lifelong learning capability. In addition,
it solves complex long-horizon tasks by combining and reapplying
acquired skills, akey step towards achieving general intelligence.

In our real-world experiment with a KUKA robot arm, our agent,
aided by real-time vision from a RealSense camera and language
embeddings from an LLM, successfully completes a sequence of
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Fig. 5| LEGION framework overview for training and deployment. a, Training.
The framework receives language semantic information and environment
observations as input to make policy decisions and output action patterns, it
trains ononly one task atatime. £ represents the loss functions and is explained
in‘Upstream task inference’ in Methods. b, Deployment. In the real-world

demonstration, the agent parameters remain frozen, the agent receives input
signal from real-world hardware and outputs corresponding action signals, both
‘Sim2Real’ and ‘Real2Sim’ modules process the data to align the gap between the
simulation and real world.

tasks, efficiently accumulating knowledge and demonstrating flexible,
autonomous skill reapplication for long-horizon tasks without relying
on predefined human demonstrations. In our LRL framework, we
analyse knowledge management through both visualization and
statistical perspectives. The non-parametric modelin the knowledge
space dynamically adjusts to new task inputs by creating or merging
components, ensuring continuous knowledge preservation without
prior knowledge quantity requirements. Quantitatively, the agent’s
success rate improves over time, demonstrating effective knowledge
accumulationin LRL.

Insummary, our framework LEGION (details refer to Fig. 5) excels
at both preserving knowledge and inferring new tasks in its Bayesian
non-parametric knowledge space during lifelong learning. Using lan-
guage embeddings to aid in task inference, the agent can efficiently

undertake long-horizon tasks, showcasing flexibility in addressing
complex tasks based on accumulated knowledge. We acknowledge
that the replay mechanism is an inherent part of our framework due
toits use of SAC as policy, which relies on data sampling from a buffer
and offline parameter updates. However, the replay is not strictly tied
to our approach using the Bayesian non-parametric knowledge space,
but rather a feature of the SAC itself. Our framework currently shows
substantial improvements in few-shot exploration with intermittent
replay. In the future, we plan to optimize it further to better balance
stability and adaptability without relying on replay buffers, while
also aiming to tackle more challenging scenarios such as zero-shot
inference. Meanwhile, we acknowledge that our current framework
operatesinstructured environments with predefined task set-ups and
relies on AprilTags for perception. Infuture work, we aim to expand our
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framework to unstructured, dynamic environments featuring diverse
object arrangements and unseen objects, with the goal of enhancing
the generalization and robustness of lifelong learning systems. In
addition, we planto explore applying our non-parametric knowledge
space to robot learning involving multiple agents or heterogeneous
embodiments (Supplementary Section 3.5), intending to achieve
clustered and transferable general intelligence. As our current work
assumes the reward function to be an inherent and static property of
the environment, another promising future direction involves using
LLMs****for continuous reward refinement during the lifelong learn-
ing process. This would enable agents to quickly adapt to entirely new
control tasks. Moreover, the ability to continuously learn and preserve
skills from a stream of tasks using anon-parametric knowledge space,
combined with smooth and stable downstream action outputs from
the diffusion model, holds potential for the development of broadly
applicable large behaviour models.

Methods

Training and deployment

Training. Figure 5 aillustrates the concept overview of our proposed
LEGION framework. Unlike the typical multi-task approaches, where
the agent learns all tasks at once, our proposed framework can conti-
nuously gain knowledge from a stream of one-time feeding tasks.
This implies that our agent can imitate the real human learning pro-
cess, tackling each manipulation task one after another throughout
its lifespan.

During training, we let the agent learn tasks one by one, allowing
theagenttoundergo1 milliontraining steps for eachtask. Importantly,
we evaluate the agent’s performance onaall tasks every 10,000 steps by
following the conventional multi-task fashion, irrespective of whether
it has undergone training for these tasks or not. In our framework,
we follow the off-policy training mode as it has more sampling effi-
ciency. To achieve both preserving existing knowledge and inferring
new tasks simultaneously, our proposed framework is structured
hierarchically into two parts, namely, the upstream task inference and
knowledge preservation module and the downstream policy learn-
ing module. The upstream module consists of the following compo-
nents: the pre-trained language embedding module, the task encoder,
the Dirichlet process mixture knowledge space, and the generative
modules. In the simulation, we employ an offline approach where lan-
guage embeddings are pre-encoded using an LLM combined with an
audiorecognition device and stored for training. This pre-processing
step accelerates training by eliminating the need for real-time encod-
ing, whichis computationally intensive. For specific detailsregarding
the content of the language side information, refer to Supplementary
Section 7. Subsequently, the task state observations s, which include
positions of end-effector, objects and goals, are combined with the
current task’s language embedding I and sent to the task inference
encoder. Following that, the generated inference results zare fitted by
the DPMM within the knowledge space. The inferred results from the
same task are clustered and stored withinthe same componentsinthe
DPMM, enabling knowledge preservationin our framework. When deal-
ingwithdatasamples fromnew task distributions, the DPMM cancreate
new components toaccommodate them, thereby separating them from
existing clusters and supporting continual knowledge accumulation
during agentlifelonglearning. Simultaneously, the generative module
reconstructs the language embeddings and predicts the dynamic
function of the current task. This enables disentangled parameter
updates between upstream and downstream modules. Moreover, an
ablation study in Supplementary Section 3.4 demonstrates that the
generative module playsacrucialroleinstabilizing the lifelong learning
process. For the downstream policy module defined in Fig. 5a, we utilize
the SAC® as a concrete policy learning module, where the critics
calculate the action value function Q(s, a,, z,) and the actor provides the
correspondingaction patternsa,toaccomplish the tasks. The inferred

task results are conditioned as part of downstream inputs, contribut-
ing to more precise action pattern learning. The detailed structures
of individual modules are introduced in Supplementary Section 4.

Deployment. After training in simulation environments, we imple-
ment our trained agent onto a real-world KUKA manipulator to build
up an embodied lifelong learning agent. The real-world deployment
overview is illustrated in Fig. 5b, where the framework includes two
primary components: the embodied agent software side and the
real-world hardware side. On the software side, we deploy the trained
task encoder, DPMM and downstream actor to create the embodied
agent. Inthe real-world demonstration, we utilize an online encoding
approach, where human commands are processed and encoded as lan-
guage embeddings to execute each task. This set-up reflects real-world
usage, allowing users to issue verbal commands directly to the robot.
For the hardware side, our agent’s physical body comprises a KUKA iiwa
with aRobotiq2F85 gripper.Inaddition, we utilize aglobal RealSense
camera at the table edge to capture object positions via AprilTags.
Later, the task-related goal position is determined by the initial posi-
tion of the detected object and the corresponding side information
context. Python-based robot operating system controls the movement
ofthe KUKA, with asystem frequency of 20 Hz. We limit the total work
steps of a single-task trajectory to 150, maintaining consistency with
simulation environments. To ensure smooth communication between
the software and hardware control, we employ two transformation
modules, namely, ‘Sim2Real’ and ‘Real2Sim’. These modules serve
similar purposes, including safety control checks, coordinate frame
transformation between simulation and the real world, hand-to-eye
calibration, and camera offset set-up. A detailed experiment set-up
for both simulation and deployment can be found in Supplementary
Section 5. Moreover, we provide Supplementary Video 4 to introduce
the implementation details of our framework for both training and
deployment processes.

Language embedding. The manipulation tasks performed by arobot
armshow anaturaltendency towards alimited set of action patterns.
On the one hand, tasks like ‘push the teacup from left to right’ and
‘openthewindowinahorizontal direction’ may differ in their language
description, but their actual action patterns might share similar trajec-
tories. This similarity can pose challenges during agent training, lead-
ing toinaccurate action patterns and/or misoperationsinreal-world
performance. Onthe other hand, although such task-related contex-
tual information (or side information) is often available in real-world
scenarios (for example, between human communication), it is fre-
quently overlooked in conventional reinforcement learning methods
and is difficult to provide to the embodied agent without encoding
of aLLM. By leveraging advancements in LLMs**", our embodied LRL
agent becomes more adept at utilizing this side information, like
natural language-based task descriptions, to acquire generalizable
skills and facilitate knowledge transfer among tasks™. In this study,
we capture natural language side information through an external
speech-recognition device. We adopt a human-in-the-loop approach
to guide the embodied agent in real-world tasks. In our case, we
employ one of the state-of-the-art pre-trained LLMs, RoOBERTa, to
encode the side information about manipulation tasksinto language
embeddings. Subsequently, these embeddings are conditioned with
state observations and provided to the agent, aiding in accurate
task inference and improving its execution of corresponding action
patterns.

Observation space. The state observation space includes the
end-effector position (three dimensions), the object pose (six dimen-
sions) and the goal positions (three dimensions). We encode the
language side information related to the task context with a pre-trained
RoBERTa model, whose output has 768 dimensions.
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Action space. The action space contains four dimensions, including
the movement of the end-effector tip (units expressed in metres) and
the opendistance of the gripper. The upper and lower bounds for each
dimension of action space are limited within the range [-1.00, +1.00].

Reward. Our designed scenarios involve goal-based manipulation
tasks where success is determined by bringing the target object
within a specified goal range. To comprehensively evaluate action
patterns, the global reward for tasks is divided into distinct compo-
nents. These components include rewards for reaching, grasping,
pushing, pulling and pressing objects to achieve the specified targets
or poses. For more details, refer to Supplementary Section 8.

Optimization. Both the upstream task inference module and down-
stream policy learning module are trained using Adam optimizers,
and we reset the intrinsic parameters of optimizers before initiating
the training on every new incoming task.

Metrics

Recent works in the conventional multi-task or meta-learning-
based approaches often rely on metrics based on reward and/or
success rate to evaluate agent performance. However, in the context
of LRL, typical questions still remain unclear, including how much the
agent may forget the previously acquired knowledge after training
on subsequent tasks, or to what extent the previously acquired
knowledge can aid the subsequent ones. Therefore, it becomes
necessary to employ additional metrics that capture the unique
characteristics of lifelong learning fashion. In our study, in addition
to the success rate, we adopt two well-used metrics to access our
proposed LRL framework, namely, ‘forgetting’ and ‘forward transfer’.
To further evaluate the performance of few-shot knowledge recall, we
employ anormalized improvement’ metric to quantify the agent’s per-
formance. Assuming a total of Ntasks, and considering that the agent
undergoes training for each task over aspan of 4 steps, the cumulative
global training duration across all Ntasks amounts to 7= N x 4 steps.

Average success rate. In our study, as all our environments are
goal-based manipulation tasks, we select the task’s success rate as
one of the evaluation metrics. Here, P(¢) signifies the success rate of
taskiattimestep t. The values P(A(i— 1)) and P(Ai) denote the success
rates of task i before and after training on the same task, respectively.
Theoverall average performance on all Ntasksis calculated as follows:

1y
P(@) : N D Pio). ()
i=1

Notably, Pis constrained within the range [0, 1]. We also employ P(T)
for the final evaluation, particularly for the purpose of hyperparameter
optimization and ablation study. A higher value of P corresponds to
an improved performance. Moreover, we also consider the episode
rewards as one of our metrics, for more details related to the rewards
comparison, refer to Supplementary Sections1and 2.

Forgetting. This metric quantifies how much knowledge is forgotten
after the agent is trained on subsequent tasks. Drawing upon recent
research contributions®*®, we introduce the forgetting (F) to assess the
agent’s capacity to preserve knowledge within a continuous stream of
tasks. Specifically, F;is calculated by subtracting the final success rate
of task i, denoted as P(T), from the success rate of task i after training
on the task itself, represented as P(4i). The overall forgetting metric
is computed as follows:

Fi = (P(AD-P(T)),

L N1 2)
F= El:ZlFl

Notably, evaluating the forgetting of the most recently encountered
task carries limited significance. Therefore, we consider only the first
N -1tasks for this calculation. The forgetting metric is constrained
within the range F € [-1, 1]. When F > O represents that the agent may
have lost knowledge of prior tasks. Conversely, when F < O, the back-
wards transfer occurs, signifying that training on subsequent tasks j
(withi<j < N) has led to an improvement in performance on prior
tasksi.Forthe F, alower value indicates superior performance.

Forward transfer. Forward transfer (FT) assesses the extent to which
previous tasks contribute to the learning of new ones. Inspired by
recent works"¢, we define the zero-shot forward transfer metric as
follows:

FT,

]
M
=
s
S
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I
|
A

Here, the metricrangeis constrained toFT € [0, 1], where the forward
transfer for the i-th taskis calculated as the average performance across
tasks from k=1to k=i-1.Itisimportant to emphasize that evaluating
the first task holds no meaningful significance. Thus, we consider a
total of N -1 subsequent tasks for this assessment. A higher value in
this metric indicates that knowledge acquired from earlier tasks aids
theagentinenhancingits performance onsubsequent tasks, reflecting
better performance.

Improvement of few-shot knowledge recall. To quantify theimprove-
ment statistics in few-shot knowledge recall, we calculate theimprove-
ment percentage for each task as follows. First, we computed the integral
of the agent’s success rate of selected two loops for each task. We then
subtracted theintegral fromthe earlier loop fromthe subsequentloop
and normalized the difference. This normalized value, denoted as f (in
therange[-1,1]), serves asourevaluation metric for few-shotimprove-
ment. A higher value indicates better performance during the subse-
quent loops compared with the earlier access, whereas a lower value
suggests the opposite. The specific calculationis detailed inequation (4):

T

1 i f
f=m(/tl P(t)d[—/t P(t)d[), (4)

i

where P, indicates the best performance value that the agent can
acquire (in our case, the success rate with 1.0), P(t) denotes the per-
formance value over time, and tand T are the lower and upper bounds,
respectively, of training steps withj > i.

Non-parametric knowledge space

Inthis section, we present our non-parametric knowledge space from
two aspects. First, we introduce the mathematical theory behind the
Dirichlet process mixture model. Following that, we introduce an
online variational inference method of DPMM that is used to update
the model parameters.

Dirichlet process mixtures. Bayesian non-parametric models are a
class of models that allow for flexible modelling of complex datastruc-
tures without making strictassumptions about the underlying distribu-
tion of the data. Unlike Bayesian parametric models (for example,
Gaussian mixtures), which have afixed number of parameters, Bayesian
non-parametric models have a potentially infinite number of param-
etersthatare determined by the data. Bayesian non-parametric models
are typically based on probabilistic models that involve prior distri-
butions over model parameters. Such prior distributions are often
chosen to be flexible and allow for infinite-dimensional parameter
spaces. This allows the model to adapt to the underlying structure of
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the data, whether it is simple or complex. One of the typical non-
parametric models is the Dirichlet process mixture model, whose
parameters are determined through the Dirichlet process. The Dirichlet
process is a probability distribution over probability distributions. It
isused in Bayesian non-parametric to model datawhen the number of
groupsor clusters is notknown apriori. Let Gbe arandom probability
measure, 7 be abase probability distribution from a parameter space
0,and abe a positive real-valued scalar named concentration param-
eter. Then, G is said to be drawn from a Dirichlet process (DP) with «
and 7¢, denoted as G ~ DP(a,%(). To generate the samples from a
Dirichlet process, a method called the stick-breaking process is
employed (Supplementary Section 10).

DPMMserves asaprominent modelinthe Bayesiannon-parametric
domain thatis used to capture aninfinite mixture of clusters for model-
ling a set of observations x = x;.,. Unlike finite mixture models in the
Bayesian parametric domain, the number of componentsin DPMM s
not predefined, but rather determined by the observationsinanonline
fashion. In DPMM, each data x; is sampled from a distribution #(6,),
where 0;represents alatent variable independently drawn from a Dir-
ichletprocess prior G-based base distribution. A Dirichlet process prior
introduces discreteness and clustering properties by allowing ;to take
onrepeated values. Consequently, all data points drawn with the same
value of 6,forma cluster, resulting in the natural clustering of observa-
tions. The active number of cluster componentsis determined by the
number of unique values of 6;,, which can be dynamically inferred based
on the observed data. To assign data points to clusters, each point is
associated with an assignment variable v,. This variable takes on the
value kwith probability m,, whichis drawn from a categorical distribu-
tion (Cat). The generative process of DPMM can be expressed using
the stick-breaking process (Supplementary Section 10.1), where the
mixing proportions i can also be equivalently expressed as sampled
fromageneralized Ewens distribution (GEM). Specifically, the genera-
tive process of DPMM can be represented as follows:

64 ~ IR,

mla ~ GEM (a),
(%)

vi|m ~ Cat(m),

X,'ll/'i ~ .‘7(9:{)

Variational inference. In this study, we focus on a variational
inference-based method to estimate the true posterior of data, as
they tend to offer faster and more scalable solutions compared with
sampling-based methods. The fundamental concept behind variational
inference is to transform the inference problem into an optimization
problem. Subsequently, the aimis to uncover the underlyingjoint prob-
ability distribution of the unknown parameters, allowing us to explore
their implicit relationships. In the case of the DPMM, as described in
equation (5), the joint probability distribution of its parameters can
be expressed as follows:

N o
p(x.v.0.B) = [ 7(xa16,,) Cat (v, [(B)) [ | BBIL @)7(OID).  (7)
n=1 k=1

where Bis stick-breaking process probability and §, are corresponding
random variables. As the true posterior p(v, 0, B|x) is intractable, the
objective is to identify the optimal variational distribution g*(v, 0, B)
that minimizes the Kullback-Leibler (KL) divergence from the exact
conditional distribution. Instead of directly minimizing the KL diver-
gence, we maximize the evidence lower bound (ELBO) whichincludes
the expected log-likelihood of the data E[log p(x|v, 0, )] and the KL
divergence between two priors KL(g(v, 0, B)||p(v, 0, B)). Here, we have
(Supplementary Section10.2):

ELBO (Q) = [E[IOgP(X\V, 0, B)] - K[L(Q(V’ 0, B)Hp(vs 0, B)) (8)

Inthe context of DPMM, grounded in the concept of variational infer-
ence, we formulate the variational distribution g under the mean-field
assumption, where each latent variable possesses its variational fac-
tor, and these factors are considered independent from one another.
Specifically, we have:

N K N
q(v,6,B) = 1:[1 q(UnlPr) kl'[_l Bl 0, )q(Or|Ar),

N P ()]

= T Cat(u,|#y,: B(Brlay . b ) FH(OrAp),

};[1 (Unl n,.nk)g (Brlbug, » by, ) F(OrlAx)
o ap, oy

where g, isa categorical factor with variational parameters 7., gz isa
factor for stick-breaking proportion with parameters &, &, and g,
is abase distribution factor with parameters A,. In the context of vari-
ationalinference, itis fundamental to recognize that the true posterior
distribution is inherently infinite, and obtaining an exact representa-
tion is unfeasible, hence necessitating approximations. However, by
augmenting the number of components Kwithin the categorical factor,
we can enhance the optimization of the ELBO objective, leading to a
variational distribution that closely approximates the infinite
posterior. To maintain computational tractability, we restrict the cat-
egorical factor toafinite set with K components (g(v, = k) = 0 for k> K),
ensuring thatKis sufficiently large toencompass all potential features.
Furthermore, we explore a specific scenario in which both the base
distribution #¢ and the cluster component distribution # come from
the exponential family. Hughes and Sudderth® illustrated that in this
context, it is possible to formulate the ELBO in terms of the expected
mass N, and the expected sufficient statistic s, (x) associated with each
componentk:

K N
ELBO(9) = kZ_Jl [[Eq[Ok]TSk(X) = Ni[a(8)] + Ni[log m( B)] — le Prx 10g Pk
B(Bi[La) ]+ E, [log ﬂ(ekM)”

+E, |lo
q[ gq(ﬁkmkl;ﬁko)

C)
(10)

Subsequently, each variational factor can beiteratively updated inde-
pendently. In the initial stage, we perform updates on the local vari-
ational parameters 7, within g, for each clustering assignment.
Following this step, we advance to the update of the global parameters
within the stick-breaking factor g, and the base distribution factor
qs,- We employ this coordinate ascent method toiteratively optimize
thelocaland global parameters with the objective of maximizing the
ELBO. The computation of the summary statistics N, and s,(x) requires
accessing the complete dataset. In the case of large datasets, a
batch-based approach known as memoVB*® is employed. This
approach breaks down the summary statistics of the full datainto a
summation of the summary statistics of each batch. The
non-parametric nature of the DPMM allows for flexibility inadapting
tovarying numbers of clusters. This characteristic enables the devel-
opment of heuristics for dynamically adding or removing clusters,
which proves beneficial in avoiding local optima when utilizing
batch-based variational inference methods. For detailed derivations,
refer to Supplementary Section10.2.

MemoVB incorporates birth and merge moves to facilitate
dynamic cluster adjustment. To create new clusters, poorly described
subsamples x’ from one existing cluster are collected as they pass
through each batch, and a separate DPMM model with K” initial clus-
ters is fitted. Assuming that the active number of clusters before the
birth move is K, the acceptance or rejection of new cluster proposals
is determined by comparing the result of assigning x’ to K+ K’ with
that of assigning x’ to K. In addition to the birth move, a merge move
can potentially combine a pair of clusters into one. The decision to
merge two clustersisbased onwhether the merge improves the ELBO
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objective, resulting in K — 1 clusters after the merge®. By integrating
withthis onlineinference method, the DPMM can consistently preserve
the gained knowledge in the knowledge space from a theoretically
endless stream of data, where the features or knowledge within it may
steadily grow. For more details, refer to Supplementary Section10.3.

Upstream task inference

In this section, we introduce the derivations behind our upstream
taskinference module (Fig. 5a). We start with the knowledge inference
and preservation process of our knowledge space. Subsequently, we
introduce the generative process of upstream modules that enable the
disentangled and stabilized learning process.

Knowledge inference and preservation. To enable simultaneous
knowledge inference and preservation in the knowledge space, we
employ a DPMM + memoVB that was introduced in the previous
section. The DPMM + memoVB has the advantage of being able to
cluster a potentially infinite number of features based on the obser-
vations, while dynamically adapting to fit the number, shape and
density of individual components. This dynamic adaptability holds
great potential for preserving knowledge in a continuous stream
oftasks.

Our framework employs an alternating optimization scheme
to eliminate the necessity of fitting a new DPMM from scratch every
time. First, we update the DPMM module using the inference result z,,
which are sampled from the task encoder. Each update of the DPMM
module takes place after certain training steps of the task encoder and
generative module. Then, with the DPMM modaule fixed, we update
thetask encoder by minimizing the KL divergence, using the assigned
clusterstoeachz,

When updating the parameters of the DPMM, we perform fitting
onthetaskinferenceresultz;obtained fromthe task encoder. Consider
asetof stateinputs {x;};_, € X withx;= (s, I,), the DPMM module in the
knowledge space learns: (1) theinference results z;and corresponding
mapping between x;and z; (2) the number of K active components and
their parameters {p, £;},_,.,; and (3) the cluster assignment v, of each
input, wherev, €{l, ..., K}. The cluster assignments of inference results
are determined jointly by the latent representation and the DPMM
components. In each update, we initialize the DPMM with the param-
eters learned from the previous updates and apply it to new samples
generated by the updated task encoder. This enables us to update the
same DPMM while incorporating the latest changes in the knowledge
space mappings.

During the training of the task inference module, we aim to mini-
mize both the generative loss £, and the KL divergence loss £, ina
joint manner. L4, measures the error between the original inputs x
and the generated samples x*. Meanwhile, £, represents the KL diver-
gence between task encoder distribution and knowledge clustering
components. To compute £y, we first obtain the cluster assignment
v;=k of each task inference results z; from the current DPMM. Using
the DPMM, we determine the mean and covariance of the assigned
cluster k, denoted as p, and X, respectively. Following that, the ith
inference result assigned to the component k, whichisrepresented as
z,, is generated through the reparametric trick”. Notably, the hard
assignment between the inference result and corresponding cluster
componentinknowledge space may lead to incorrect assignments for
certainsamples, resultingin errors when calculating the KL divergence.
Toaddress thisissue, we propose the use of asoft assignment, in which
we compute the probability p;, of assigning the z; to cluster kusing the
DPMM, consideringall possible componentsk € {1,2, ..., K}. Asaresult,
the KL divergence is defined as a weighted sum, taking into account
the probabilities of each cluster assignment:

K
Lit, = D Pty 1n
=}

where £y, indicates the KL divergence between the distribution of
task encoder output and component k in DPMM, and p, represents
the probability of z; assigned to cluster component k. While more
sophisticated weighting strategies can be employed, our empirical
findings suggest that simple weighting based on probabilities is effec-
tive. For detailed derivations, refer to Supplementary Section 11.1.

Generative process. Inour framework, we employ agenerative module
attheupstream level tofacilitate a disentangled and stabilized learning
process. The generative module includes two distinct components:
the language embedding generation, denoted as py(l,|z,), and
the dynamic prediction model for corresponding manipulation task,
represented as py(s,.,IS; A, Z,). Each component is interpreted by a
separate multilayer perception module with general parameters 6
€ {Bembeds Baynamics)- The detailed structures of our proposed generative
modules are presented in Supplementary Figs. 18 and 19. During the
training process, the language embedding decoder takes only the
task inference results z, as inputs and generates the language
embedding tokens, donate asI*. These tokens are then combined with
the original inputs I to compute the overall similarity using the sum
of mean squared error as the side information loss function, denoted
as Lemped- FUrthermore, the dynamics prediction module models the
state transition function by taking the current state observations,,
normalized action vector a,, and latent variables as inputs to generate
the expected state observation at the next step, denoted as s}, .
By comparing this prediction with the actual next observation s,.,;,
we obtain the loss function for dynamic prediction, which is
represented by £4,,. Meanwhile, with normalization in each input
dimension, we canstabilize the overall training process. Following that,
the total loss of the upstream task inference module is calculated
as follows:

L= (‘Cdyn + NLembed +€LKL~ (12)
A S ——1

Lgen

with {and n representing the weighting factors for each loss function
term, which regulate the importance of each generative module. §
represents the disentangled factor of the KL divergence term. In sum-
mary, the generation module facilitates a disentangled learning process
unaffected by downstream policy training. This set-up stabilizes the
exploration process of the downstream policy module, particularly
during theinitial steps of each task where noise isinevitable. Simulta-
neously, regenerating language embeddings and modelling the state
transition function contribute to the agent learning more accurate
action patterns for individual manipulation tasks. For detailed deriva-
tions of the loss functions related to the generative process, refer to
Supplementary Section11.2.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All data needed to evaluate the conclusions are present in the article
and the Supplementary Information. Microsoft Excel (Version 2405,
Build 17628.20110, 64-bit) was utilized to analyse, interpret and sum-
marize the statistical results. The source dataused to present this work
are available on Zenodo at https://doi.org/10.5281/zenodo0.14265089
(ref. 48) or via GitHub at https://github.com/Ghiara/LEGION.

Code availability

The code used for training and evaluation, which supports the conclu-
sions of this study, is publicly available via Zenodo at https://doi.org/
10.5281/zenodo0.14265089 (ref. 48) or via GitHub at https://github.
com/Ghiara/LEGION.
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Extended DataFig. 1| t-SNE projections of buffer data inference results after loops (few-shot revisit and knowledge recall). The DPMM dynamically adjusts its
each base task training. The data is randomly sampled from the buffer and fed knowledge clustering components using the ‘birth’ and ‘merge’ heuristics, fitting
into the task encoder to do the inference. In the buffer we reserve a place for model parameters based on observed data. This approach eliminates the need to
only three tasks, the new incoming inputs will overwrite the earliest datain the predetermine or set any assumptions about the number of tasks the agent may

buffer. We use this method to force the agent to pause on the corresponding task encounter.
for aperiod of time and evaluate its few-shot performance in the subsequent
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Extended Data Table 1| The average success rate for each proposed manipulation task in the real-world setup

Individual real-world manipulation task average success rate (3 trials per task)

Reach Push Pick-place Door-open Faucet-open Drawer-close Button-press Peg-unplug Window-open Window-close

1.00 0.67 0.67 0.67 1.00 1.00 1.00 0.67 1.00 1.00

Each data point is calculated based on three real-world trials, and we report the average value for comparison.
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Extended Data Table 2 | Improvement percentage (%) from the few-shot evaluation

Individual task few-shot improvement (%)

Loop-to-loop comparison 1st —-2nd 2nd — 3rd 1st — 3rd

Reach 19.63 % 3.08 % 22.71 %
Push 6.66 % 15.03 % 21.69 %
Faucet-open 16.77 % 7.58 % 24.34 %
Button-press 9.94 % 4.07 % 14.01 %
Window-close 6.78 % 17.30 % 24.07 %
Average +11.96 % +9.41 %  +21.36 %

The values are computed using equation (4) from the main text.
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frameworks for multi-task, Soft-Actor-Critic (SAC), Film, CARE. For all multitask RL baseline models, we use the open source code repository
"MTRL" (https://github.com/facebookresearch/mtrl) with main branch version. For lifelong learning domain, we leverage and modify the code
of algorithms for Elastic Weight Consolidation (EWC), Averaged Gradient Episodic Memory (A-GEM) , PackNet and L2. For all lifelong learning
baseline models, we use open source benchmark "Continual World" (https://github.com/awarelab/continual_world) with main branch version
for comparison. For real-world deployment, we use ROS1 to control and collect the trajectories of KUKA iiwa R820 robot arm. No third party
software was used for data collection itself. We provide all data (.csv files) stemming from the data acquisition from experiments, which were
subsequently used in statistical analysis and evaluation. Our framework open source code repository as well as source data presented in the
paper can be visited at: https://github.com/Ghiara/LEGION.

Data analysis Microsoft Excel Version 2405 Build 17628.20110 64-bit was used to interpret, read and summaries the statistical results.
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Sample size For each trial in both lifelong learning reinforcement and multitask reinforcement learning, we let agent run for each manipulation task 1
Million steps (steps=1,000,000), respectively. This setup follows the configurations from the baseline model repositories to ensure a fair
comparison across all models. For knowledge space evaluation using t-SNE, each colored cluster group represents a complete motion
trajectory for each nonparametric task (with sample N=150 for each task), which was clustered to the corresponding Gaussian group. The
choice of N=150 is based on our experimental setup, where the complete motion trajectory for a robot operation task consists of 150 steps.
To evaluate the differences in the low-dimensional mapping of the robot's entire trajectory across different tasks, we selected the maximum
number of samples (i.e., 150) for each task.

Data exclusions | No data were excluded from our study. All data are presented in the manuscript and supplementary materials.

Replication To ensure the reproducibility of our proposed framework. We execute repeat trials for each experiment, in which we maintain same hyper-
parameter setup including learning rate, batch-size, model size and backbone. We run for each trial with different random seeds sampled
from (0,1,2,3,4). Each experiment is repeat at least five times. To ensure fair baseline comparison, we fine-tuned each baseline framework in
our benchmark, the trials for baselines used same learning rate and random seeds as our framework. The results can be reproduced by the
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Randomization | All models trained and subsequently evaluated were randomized.
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