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ABSTRACT

In learning an embodied agent executing daily tasks via language directives, the
literature largely assumes that the agent learns all training data at the beginning.
We argue that such a learning scenario is less realistic since a robotic agent is
supposed to learn the world continuously as it explores and perceives it. To
take a step towards a more realistic embodied agent learning scenario, we pro-
pose two continual learning setups for embodied agents; learning new behav-
iors (Behavior Incremental Learning, Behavior-IL) and new environments (En-
vironment Incremental Learning, Environment-IL) For the tasks, previous ‘data
prior’ based continual learning methods maintain logits for the past tasks. How-
ever, the stored information is often insufficiently learned information and re-
quires task boundary information, which might not always be available. Here,
we propose to update them based on confidence scores without task boundary
information during training (i.e., task-free) in a moving average fashion, named
Confidence-Aware Moving Average (CAMA). In the proposed Behavior-IL and
Environment-IL setups, our simple CAMA outperforms prior state of the art in
our empirical validations by noticeable margins. The project page including codes
ishttps://github.com/snumprlab/cl-alfred.

1 INTRODUCTION

Recent advances in computer vision, natural language processing, and embodied Al have led to vari-
ous benchmarks for robotic agents, encompassing navigation (Savva et al., 2019} Deitke et al.,2020;
Anderson et al.l 2018} |Krantz et al., 2020), object interaction (Zhu et al., 2017; Misra et al., 2017;
Weihs et al.| |2021}; [Ehsani et al., [2021)), and interactive reasoning (Das et al.| 2018 |(Gordon et al.|
2018)). To create more realistic agents, challenging benchmarks (Shridhar et al.| [2020; [Padmakumar
et al., [2022)) require all of these tasks to complete complex tasks based on language directives.

However, most embodied Al literature assumes that all training data are available from the outset but
it may be unrealistic as agents may encounter novel behaviors or environments after deployment. To
learn new behaviors and environments, continual learning might be necessary for post-deployment.

To learn new tasks, one may finetune the agents. But the finetuned agents would suffer from catas-
trophic forgetting that loses previously learned knowledge (McCloskey & Cohenl |1989; Ratcliff}
1990). To mitigate such forgetting, (Powers et al., 2022) introduced a continual reinforcement
learning framework that incrementally updates agents for new tasks and evaluates their knowledge
of current and past tasks. However, this operates in a simplified task setup of (Shridhar et al.||2020),
excluding natural language understanding and object localization.

Taking a step forward to bring the instruction following task to real-world scenarios, we propose two
continual learning scenarios for embodied agents: Behavior Incremental Learning (Behavior-IL)
and Environment Incremental Learning (Environment-IL) as depicted in Figure[I] In Behavior-IL,
the robot learns behaviors incrementally. For example, it may initially learn object movement and
subsequently acquire the skill of object heating. In Environment-IL, instead of being limited to
specific scenes such as bathrooms, the robot progressively learns to perform behaviors in diverse
environments such as kitchens and bedrooms.
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Figure 1: Proposed two incremental learning setups. In the ‘Behavior Incremental’ setup, the agent is ex-
pected to learn new behaviors while preserving previously learned knowledge. In the ‘Environment Incremen-
tal’ setup, the agent is expected to learn tasks in new environments with the preservation of previously learned
knowledge. Note that each image in the figure denotes an expert demonstration (i.e., a sequence of frames with
natural language instructions followed by a corresponding sequence of actions and object class labels).

In the continual learning literature, significant progress (Mai et al., 2022} Biesialska et al. [2020)
has been made in addressing continual learning by storing models learned in the previous task of

extracting information about past data, requiring a substantial storage cost (Zhou et all,2022a). To
address this, [Buzzega et al (2020); Boschini et al| (2022a)) propose to store logits of past models
for knowledge distillation, reducing storage costs while maintaining learning efficacy. However, the
stored logits may be the underfitted or insufficiently learned solution as the model has not sufficiently
trained in the early stage of learning, hindering the effective use of prior knowledge. Moreover, such
an update often exploits task boundary information that might not always be available, especially in
the cases of streamed data without explicit task boundaries (Shanahan et al., 2021} [Koh et al.} [2023).

To develop continuously updating embodied agents, we propose to update logits by combining the
previously stored logits and the newly obtained ones in the moving average, call ‘Confidence-Aware
Moving Average’ (CAMA). In particular, we dynamically determine the moving average coefficients
based on the classification confidence scores inferred by the agents as indicators of the ‘quality’ of
the newly obtained logits (i.e., how much they contain accurate knowledge of the corresponding
tasks), as empirically observed that high confidence tends to have high accuracy in Figure 3]

Contributions. We summarize our contributions as follows:

* We propose behavior incremental (Behavior-IL) and environment incremental (Environment-IL)
setups for online continual learning for interactive instruction following agents.

* We propose Confidence-Aware Moving Average (CAMA) that dynamically determines coeffi-
cients for logit update to prevent logits from being outdated for effective knowledge distillation.

* Our proposed method outperforms comparable methods in most metrics with noticeable margins.

2 RELATED WORK

Continual learning setups. Continual Learning (CL) are typically categorized into two main sce-
narios: offline (Rebuffi et al., 2017; [Kirkpatrick et al.l 2017; [Chaudhry et al., 2018} [Wu et al., 2019)
and online (Koh et al.l[2022; Buzzega et al.,[2020; Mai et al., 2022; [Koh et al.,[2023}; /Aljundi et al.}
[2019al), based on the frequency with which the model accesses task data. In the offline setup, data
from the current task are used for training multiple times, but this often requires significant memory
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capacity to store all task data (Hayes & Kanan, 2022). On the other hand, online CL involves pro-
cessing individual or small batches of samples, each of which was used only once for trainihg (Koh
et al|, 2022} Aljundi et al!, 2019b). Considering memory constraints and the continuous arrival of
limited data points over time in practical scenarios, we focus on the online CL setup.

Task-free continual learning setups. Approaches to continual learning can be categorized into
task-free methods$ (Aljundi et al., 2019a; Koh et [al., 2023; Ye & Bors, R022; Koh| &t al.| 2022) and
task-aware methods (Kirkpatrick et|al., 2017; Li & Hoiem, 2017; Wu ef al., 2019; Boschin| et al.,
2022a) based on the use of task boundary information during training (Aljundi et al.,|2018b). Sev-
eral task-aware methods (Li & Hoieém, 2017; Wu et/al., 2019) that exploit task boundary information
during training distill the knowledge of past tasks from the previously learned model saved in mem-
ory. However, in real-world scenarios, it is often impractical to know the task identity of streamed
input data|(Aljundi et al/, 2018b). Therefore, even if tasks are discretely deagdi§lurry (Prabhu

et al|| 2020; Bang et al., 2021), disjoint (Parisi €t al., 2019)), the task-free assumption indicates that
no task-speci ¢ information or identi er is used during training.

Knowledge distillation in online continual learning. Continual learning has made signi cant
progress, employing methods such as replay-based (Wu et al., 2019; Rolnick et al., 2019; Prabhu
et al., 2020; Bang et al., 2021; Koh et al., 2022), distillation (Li & Hoiem, 2017; Buzzega et al.,
2020; Koh et al., 2023), and regularization (Zenke et al., 2017; Kirkpatrick et al., 2017; Lesort et al.,
2019). In particular, distillation-based approaches (Li & Hoiem, 2017; Koh et al., 2023; Boschini
et al., 2022b) have been extensively investigated to leverage prior knowledge, but often require
substantial memory and additional computation. Memory requirements make them unsuitable for
settings with limited memory in edge devices (Zhou et al., 2022a).

To address these issues, (Buzzega et al., 2020; Michieli & Zanuttigh, 2021; Boschini et al., 2022a)
propose using logits instead of storing previous models, saving memory and inference overhead.
However, the method of storing logits in memory without updating may hinder the current model
in distilling outdated past information from stored logits, since the stored logits may represent in-
complete learning for past tasks. To tackle this, a recent approach X-DER (Boschini et al., 2022a)
updates logits through weighted summation with logits maintained in memory and those from the
current model, preventing the previously stored logit from becoming outdated, as the model updates.

However, Boschini et al. (2022a) requires task boundary information during the training process for
logit update, making it unsuitable for setups where data arrive in a continuous stream without task
boundaries. In contrast, our approach updates logits based on the agent's con dence without task
boundaries, making it suitable for more general setups where we do not have such information.

Lifelong learning for robotic agents. Going beyond relatively straightforward task setups such

as image classi cation, a substantial amount of literature has emerged to construct a more realistic
agent capable of incremental learning of novel tasks (Lesort et al., 2020) in various aspects including
learning strategies(g, reinforcement learning (Khetarpal et al., 2018; Wo czyk et al., 2021; Xie &
Finn, 2022), imitation learning (Mendez et al., 2018; Gao et al., 2@8t), and task formulations

(e.g, manipulation (Yang et al., 2022; Liu et al., 2023), walking (Zhou et al., 2022b), Typically,

most of this research has focused mainly on relatively ne-grained manipulation tasks, while the
navigation aspect (Krantz et al., 2020; Deitke et al., 2020) has received comparatively less attention.

Concurrently, there is recent literature that delves into the dual aspect of navigation and interac-
tion (Powers et al., 2022; Wang et al., 2023) in 3D interactive environments (Kolve et al., 2017;
Fan et al., 2022) to perform more demanding tasks. In this context, agents are required to become
pro cient in both navigating and interacting with task-related objects. Here, the tasks in our pro-
posed continual learning setups are similar to (Powers et al., 2022) that simpli es the task setup of
(Shridhar et al., 2020). While (Powers et al., 2022) excludes natural language understanding and
object localization, we include them to train agents to complete the desired tasks in the challenging
full- edged interactive instruction following setup, along with navigation and object interaction.

We review more relevant literature and provide extended related work in Sec. A for space’s sake.

3 CL-ALFRED: CONTINUAL LEARNING SETUPS FOREMBODIED AGENTS

Continual learning enables agents to adapt to new behaviors and diverse environments after deploy-
ment, mitigating the risk of forgetting previously acquired knowledge. To foster active research
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on mitigating catastrophic forgetting, recent literature (Powers et al., 2022) proposes a benchmark
that continuously learns new types of household tasks, but lacks natural language understanding and
object localization, potentially limiting the deployability of agents.

To comprehensively address the combined challenges of continuous learning of an agent with natural
language understanding and object localization, we use full- edged interactive instruction following
tasks and propose two incremental learning setBpsavior Incremental Learnin(Behavior-IL )

and Environment Incremental Learnin@Environment-IL ). We outline our task formulation and

detail these incremental learning setups in the following sections.

3.1 TAsSK FORMULATION

As the ALFRED dataset (Shridhar et al., 2020) requires a comprehensive understanding of natural
language and visual environments for intelligent agents, we build our continual benchmark on top of
it. The agentis rst spawned at a random location in an environment and then given natural language
instructions], that describe how to accomplish a task. For each timetstep agent takes as input
visual observatiov; and predicts an actiop,: and a mask/,; of an object clasg..; if object
interaction is required. Here, we learn a policy parameterized by : ¥ vy, with inputxy, i.e,,

(v¢, 1) and outputy, i.e., (Vai, Ym: ). The goal for the policy is to predict a sequence of actions

and object masks to complete the task. Kindly refer to Shridhar et al. (2020) for more details.

Most previous methods (Singh et al., 2021; Pashevich et al., 2021; Min et al., 2022; Kim et al.,
2023) for object localization utilize a two-stage approach, separating it into object class prediction
and mask generation to enhance object localization. Since mask generation is handled by separate
mask generators, however, continual updates of these networks are also required. Unfortunately,
continuously updated instance segmentation models (Joseph et al., 2021; Cermelli et al., 2022) often
noticeably underperform jointly trained models. Here, we only address class prediction, assuming
the availability of object masks, leaving the continual updating of mask generators for future work.

3.2 CONTINUAL LEARNING SETUPS

There is signi cant progress in developing agents that can perform the desired tasks through lan-
guage directives (Krantz et al., 2020; Shridhar et al., 2020; Padmakumar et al., 2022). It is often con-
fronted with new behaviors and environments after being deployed and are required to learn them
while maintaining previously learned knowledge. However, prior methods either presuppose the
availability of pre-collected datasets or utilize simpli ed task con gurations (Powers et al., 2022).

To address this limitation, we introduce two continual learning setupBehpvior Incremen-

tal Learning (Behavior-IL) to incrementally learmvhatto do and 2)Environment Incremental
Learning (Environment-IL ) to incrementally learnvhereto do, as in Figure 1. In addition, we

focus on online CL, which assumes a more realistic scenario where novel data are encountered in
a streaming manner (Aljundi et al., 2019a; Koh et al., 2023; 2022) rather than assuming an of ine
CL in which novel data are provided in chunks of tasks (Wu et al., 2019; Saha et al., 2021). More
details about the continual setup can be found in Sec. B.1.

3.2.1 BEHAVIOR INCREMENTAL LEARNING

Behaviors described by instructions may exhibit considerable diversity as novel behaviors may arise
over time. To address this scenario, we propose the Behavior-IL setup that facilitates the agent's
incremental learning of new behaviors while retaining the knowledge obtained from previous tasks.

Formally, for a set of behavior$,, an agent sequentially receivés training episodesd,s;’ giNgl , for

each type of behavior; 2 T . When receiving the nal episodé.¢., sNii ) for the current behavior

type, j, the agent starts to sequentially receive episotigs;" giN:"l+1 , for the next behavior type,

j+1 . The episode stream ends with the last training episs@ﬁ,, of the last task type,r; .

Here, we adopt seven different types of behavior from (Shridhar et al., 2028aMIEE,
Pick&PLACE, HEAT, CooL, CLEAN, PIck2&PLACE, and MovABLE. To ensure the adaptability

of agents and avoid favoring particular behavior sequences, we train and evaluate agents using mul-
tiple randomly ordered behavior sequences. Refer to Sec. B.2 for more details about the sequences.



Published as a conference paper at ICLR 2024

Figure 2: Proposed Con dence-Aware Moving Average (CAMA). “Current Logits' denotes the model's

logits obtained from the input samples from the current stream and episodic memory. "Previous Logits' denotes
logits stored in episodic memory before an updafe. denotes a queue that stores ground truth con dence
scores acquired from the current logiys; y2; :::, for thei® class. To obtain, we maintain the recert

con dence scores for thé" class and calculate the mean value of the scores followed by a clip function.
Finally, we use all i's to class-wisely weight-sum previously stored logits.( 'Previous Logits') and newly
obtained logits from the current streane(, “Current Logits").

3.2.2 BVVIRONMENT INCREMENTAL LEARNING

The Environment-IL setup allows agents to learn the environment incrementally. In the real world,
agents often need to perform actions not only in the environment in which they were initially trained
but also in new and different environments that are presented. For example, the agent may rst learn
various actions in a kitchen and then subsequently learn the actions in a bathroom.

Formally, for a set of environmentss, an agent sequentially receivdéy training episodes,

fsi gi"’li , for each environment typex 2 E. When receiving the nal episode.¢., s‘,f,lkk) for

the current environment typey, the agent begins to sequentially receive episoﬂs%,” gi'\i{*l )

for the next environment type .1 . This is repeated until it reaches the last environment gpge,

In this setup, we adopt four different types of environments supported by (Kolve et al., 2017):
KITCHENS, LIVINGROOMS, BEDROOMS and BATHROOMS. Like the Behavior-IL setup, we con-

duct training and evaluation using multiple sequences of randomly ordered environments. We also
provide more details of the multiple environment sequences in Sec. B.3.

However, we observe animbalance in the training and evaluation episodes between different types of
environment (Shridhar et al., 2020), where a majority of them originate from a speci ¢ environment
type in many instances. The imbalance can potentially lead to biased learning of a model towards the
dominant {.e., majority) environment type (Chakraborty & Chakraborty, 2020; Zhao et al., 2021a).

To address the issue, we balance them by simply subsampling the training and evaluation episodes
for each environment to match the number of episodes across environment types equally.

4 APPROACH

To mitigate catastrophic forgetting, recent ap-

proaches (Li & Hoiem, 2017; Koh et al., 2023;

Boschini et al., 2022b) use knowledge distillation

with the trained model until past tasks, but this of-

ten entails signi cant memory (Zhou et al., 2022a)

and computational overhead caused by additional

model inference (Prabhu et al., 2023). Due to the

limitations in memory and computation on edgeigure 3:Con dence and accuracy of logits used
devices (Lee et al., 2022), logit distillation methfor logit update in CAMA. "Accuracy' denotes the
ods (Buzzega et al., 2020; Boschini et al., 2022&)ean of the frame-wise accuracies measured from
have been proposed as alternatives to those tiigtnewly obtained logits (hereS)_in Equation 1.
store entire models for distillation (Li & Hoiem, €on dence’ denotes the dynamically determined
2017; Koh et al., 2023), offering improved mem(_:oef cients (here, ) for the update in Equation 2.
ory and computation ef ciency. Despite such improved ef ciency, some of the logit distillation
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methods (Buzzega et al., 2020) often face an outdated logit problem, as the memory-stored logits
are not updated to preserve information on previous tasks.

To address this issue, a recent approach (Boschini et al., 2022a) attempts to partially update logits
stored in the past using the current model. It uses task boundary informafiprinput's task iden-

tity) during training, but it may not always be available, especiallfask-freeCL setups including

our proposed ones. Towards a general logit-update framework devoid of such information, we up-
date the stored logits using the agent's con dence scores indicating how the newly obtained logits
for update contain accurate knowledge of the corresponding tasks, as observed in Figure 3.

4.1 CONFIDENCEAWARE MOVING AVERAGE

As illustrated in Figure 2, the overall process of Con dence-Aware Moving Average (CAMA) can
be summarized as follows: Initially, exploiting the model's con dence scores of ground-truth labels,
we evaluate the extent to which the model has acquired pro ciency in the current samples. Subse-
guently, during the computation of the updated logits based on the previous and current logits, we
allocate a higher weight to the current logits when exhibiting higher con dence scores, and con-
versely, assign a higher weight to the previous logits demonstrating lower con dence scores. For
better understanding, we outline the high-level ow of our CAMA in Algorithm 1 in the appendix.

Following the common practice (Kirkpatrick et al., 2017; Rolnick et al., 2019; Buzzega et al.,
2020), we construct an input batdb, x%, by combining data from both the training data stream
(X;Ya;¥e) D and the episodic memoik y2; y2; 2340 :29¢c) M , where eacka 2 A and

c 2 Cindicates an action and object class label from the action and object class satsl C,
present in the input batcfx; x9. Here x represents the inpuit¢., images and language directives),
Ya andy. denote the corresponding action and object class labelgggndandzl, . refers to the

corresponding stored logitg,, z, z, andz? denote the current model's logits for the input batch.

To prevent the Iogits maintained in the episodic memory from becoming outdated, we obtain the
updated logitsz3.,.. and zneWC , by weighted-summing$;, and zoldc with z9 and zO using
coef cient vectors, 5 and , using Hadamard product, denoted byas in Equation 1

0 — 0 0. 0 — 0 0.
Znew;a - ( 1 a) Zold;a T oa Za' Znew;c - (l C) Znew;c + ¢ Zc- (1)

To obtain 5 and ., we rst maintain the most recerid con dence scores for each action and
object class label fax. Then, to approximate the agent's pro ciency in learning tasks over time, we
compute the average of the scores associated with each agtand(object clasg § label, denoted

by s& andsC We then set each element gfand , denoted by »; and ;, tos? andsC followed

by a CLIP function as in Equation 2:

ai = aCLIP Sia A 1;0;1 ; cj = <CLIP SJ-C iCj 1;0;1 : (2)

where CLIKx; min; max) denotes the clip function that limits the valueffrom min to max.

Here, the constants, < 1and . < lareintroduced to prevent; and ; from reaching a value

of 1 as this indicates complete replacement of the prior logits with the current logits, which implies
that the updated logits would entirely forget the previously learned knowledge. The inclusion of
these constants ensures that some information from the past is retained and not entirely overridden
by the current logits during the update process. In addition, we sulpjact andjCj * enhances

the effective utilization of con dence scores in comparison to a “random' selection, which would
otherwise be realized by a uniform distribution (Koh et al., 2022).

4.2 MODEL TRAINING
Given expert demonstrationsas input, we train our agent, , by minimizing the objective below:
minExyyp [LC LY+ Epyym [LC (iVI+ Ewywm liz i3l (3)

wherey denotes the ground-truth labels corresponding tand z the logits maintained in the
episodic memory. We provide more details of the training lbssh Sec. D.3 in the appendix.
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5 EXPERIMENTS

Evaluation metrics. For evaluation of task completion ability, we follow the same evaluation
protocol of (Shridhar et al., 2020). The primary metric is the success rate (SR) which measures
the ratio of the succeeded episodes among the total ones. The second metric is the goal-condition
success rate (GC) which measures the ratio of the satis ed goal conditions among the total ones.
Furthermore, we evaluated all agents in two splits of environmeetsnandunseerenvironments

which are/are not used to train agents. We provide more details of the evaluation protocol in Sec. D.1.

To evaluate the last and intermediate performance of continual learning agents, we measure two vari-
ations of a metricA: Ajast andAayg. Alast (here, SRt and GGy ) indicates the metric achieved

by the agent that nishes its training for the nal taskayg (here, SR,y and GGyg) indicates the
average of the metrics achieved by the agents that nish their training for each incremental task.

All the models are trained sequentially over a sequence of behaviors (Behavior-IL) and environments
(Environment-IL) and then evaluated over the behaviors and environments that the models have
learned so far. For evaluation, we use episodes different from those used for training. The same
trained models are evaluated in bg#erandunseerenvironments. Faseerandunseenwe denote

by seerthe evaluation with the episodes generated from scenes used in training, while we denote by
unseerthe evaluation with the episodes generated from scenes not used in training.

Baselines. We compare our CAMA with competitive prior arts in continual learning literature:
CLIB (Koh et al., 2022), DER++ (Buzzega et al., 2020), ER (Rolnick et al., 2019), MIR (Aljundi

et al., 2019a), EWC (Kirkpatrick et al., 2017), and X-DER (Boschini et al., 2022a). In addition, we
also compare our CAMA with two models: “Joint' and “Finetuning'. “Joint' denotes that the agent
is trained with all task data jointly, which works as an upper bound. ‘Finetuning' denotes that the
agent is ne-tuned for the new tasks or scene types, which can serve as one of the trivial solutions
for continual setups. We provide further explanation for each baseline in Sec. D.2. We further detail
the model architecture and training used for the methods above in Sec. D.3 for space's sake.

Implementation details. It is a common practice in continual learning literature (Bang et al.,
2021; Koh et al., 2022; 2023) to set the size of episodic memory to less than 5%. To align with
previous works in continual learning, we set the size of the episodic memdty+db00 for expert
demonstrations, which is approximatey38% of the training episodes in the ALFRED bench-
mark (Shridhar et al., 2020). For our CAMA, we empirically sgt= 0:99and . = 0:99. We
provide more implementation details such as hyperparameters in Sec. D.4 for space's sake.

5.1 COMPARISON WITH STATE OF THE ART

We present the quantitative results of our CAMA in Table 1-2. As mentioned in Sec. 3.2, we train
and evaluate our CAMA and baselines for three random seeds and report the results with their
average and standard deviation to avoid favoring particular behavior and environment sequences.
We provide quantitative analyses in various aspects as follows.

Joint training vs. Finetuning. Before investigating the effectiveness of our CAMA, we rst in-
vestigate how challenging the proposed Behavior-IL and Environment-IL setups are. We observe
signi cant performance drops in “Finetuning' compared to “Joint' with 51.0% and 47.5% relative
drops. This implies that simply netuning agents to novel behaviors and environments cannot effec-
tively address the forgetting caused by distribution shifts between behaviors and environments.

Ours vs. Regularization-based model. We observe that our CAMA achieves better performance
than the regularization-based approach.(EWC++) with noticeable margins in both seen and
unseen environments for all metrics and setups, indicating that regularizing changes in importance
parameters may not effectively prevent forgetting than distilling knowledge from updated logits.

Ours vs. Rehearsal-based models.We observe that our CAMA outperforms all rehearsal-based
approachesig., ER, MIR, and CLIB) for all metrics in both seen and unseen environments in
both Behavior-IL and Environment-IL setups. We believe that this implies that solely depending on
sample replay amidst rapid data distribution shifts can result in insuf cient task forgetting mitigation
and hinder the agent's ability to adapt to novel tasks, ultimately impeding effective task completion.

Ours vs. Distillation-based models. We compare our CAMA with the distillation-based ap-
proachesi(e., DER and X-DER) to investigate the effectiveness of our logit-update approach. First,
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Validation Seen

Model Behavior-IL Environment-IL
SRast " GGast " SRavg " GCavg " SRast " GGast " SRavg " GCayg "

Finetuning 951 1:.09 20:39 061 17.07 086 2611 095 872 212 1556 1:29 1625 395 2140 4:65
EWC++ 20:37 519 2932 592 2221 434 3097 426 2679 2:24 3679 1:83 3101 276 4056 222
ER 2671 1:49 3659 1:36 27.67 208 3620 196 3028 1:.07 3915 0:83 3472 156 4400 1:52
MIR 3027 1:33 4014 2:00 2812 1:78 3676 1:73 2750 1:48 3631 143 3181 0:81 4094 0:95
CLIB 2385 2:02 3425 1:81 2394 236 3265 222 2547 1:42 3463 155 3251 2:40 4125 234
DER++ 2915 1:29 3939 116 2749 227 3610 1:92 2825 1:18 3618 0:60 2868 254 3801 316
X-DER 2876 125 3845 1:18 2721 253 3588 2:22 2830 0:87 3702 061 2932 2:36 3913 259

CAMAw/oD.C. 3054 127 3992 150 29.89 2.32 3816 2:71 3155 0.87 39.29 1.03 3449 229 4328 217
CAMA (Ours) 30.71 0.78 40.85 0.73 2967 266 38.17 234 2948 0:27 3813 0:85 3509 1.92 4402 221

Joint 60:47 0:33 6577 0:78 5625 0:89 6213 0:84

Table 1: Comparison with state-of-the-art methods (validation seen).The highest value per metric is in
bold. We report the averages and standard deviations of multiple runs for random seeds as in Sec. 3.2.

Validation Unseen

Model Behavior-IL Environment-IL
SRast " GGast " SRavg " GCayg " SRast " GGast " SRavg " GCayg "

Finetuning 1:18 1:09 1209 165 303 1:29 1395 1:.01 201 086 1120 1:92 290 2:16 1353 4:33
EWC++ 850 2:15 2163 360 833 1:33 2071 1:99 1161 129 2847 083 1237 1:30 2990 1:30
ER 943 1:25 2422 154 947 151 2279 1:39 1144 1:36 2911 0:96 1425 1:47 3198 164
MIR 11:.01 1:16 2531 1:14 1088 1:51 2420 1:45 1201 061 2967 0:47 1258 0:80 2911 1:26
CLIB 826 1:03 2200 1:31 856 066 2103 115 1046 118 2740 0:78 1195 1:51 2993 2:05
DER++ 1316 556 2870 563 1060 4:04 2494 269 1029 1:.05 2690 1:31 1025 172 2683 197
X-DER 1259 1:92 2810 205 1204 1:56 2550 1:48 1075 1:15 2837 1:05 1114 1:38 2856 144

CAMAw/oD.C. 14.06 1.20 2833 158 1252 1:46 2602 1:38 1357 1:25 2954 141 1278 057 2976 0384
CAMA (Ours) 1364 0:94 28.75 0.92 14.19 138 2730 1.38 14.60 0.43 3099 0.75 15.67 0.77 33.40 1.45

Joint 2460 096 3824 155 1973 2:31 3902 0:53

Table 2: Comparison with state-of-the-art methods (validation unseen)The highest value per metric is in
bold. We report averages and standard deviations of multiple runs for random seeds as in Sec. 3.2.

we observe noticeable performance drops in DER, which does not update logits, compared to our
CAMA for all metrics in seen and unseen environments in both Behavior-IL and Environment-IL
setups, which highlights the importance of updating logits to prevent them from being outdated.

In addition, we observe that our CAMA outperforms X-DER, which partially updates logits only
for novel classes, with noticeable margins for all metrics and environments in both the Behavior-IL
and Environment-IL setups, highlighting the ef cacy of our CAMA. We note that while X-DER
updates logits based on task boundary information during training, our CAMA does not assume the
availability of such informationi(e., task-free), which highlights the generality of our CAMA.

5.2 THE EFFECTIVENESS OFDYNAMICALLY DETERMINED COEFFICIENTS

We investigate the effect of dynamically determined coef cients of our CAMA by xing them with
a constant value and provide the results CCAMA'vs. "CAMA w/o D.C."in Table 1-2). ‘CAMA w/o
D.C." assumes that the agentibvays100%con dent in what it learns. Consequently, we directly

set jand cto 5 and . by omitting the process of dynamically determined coef cients.

We observe that the ablation of dynamically determined coef cients consistently yields performance
drops in all metrics in seen and unseen environments in both Behavior-IL and Environment-IL se-
tups, indicating the importance of the process of nding such coef cients. This could be attributed
to the fact that while logit updating with a constant coef cient helps mitigate the obsolescence of the
logits to some extent, it also combines them with logits from the current model that lacks suf cient
training for novel tasks, particularly during the initial phase of learning these tasks. Consequently,
this can lead to performance degradation due to incomplete knowledge of these new tasks.

5.3 QUALITATIVE ANALYSIS

We provide qualitative examples of our CAMA in each Behavior-IL and Environment-IL setup
by comparison with the naivé.€., Finetuning) and prior best-performing (DER++) methods. For
space's sake, we provide the qualitative example in the Environment-IL setup in Sec. D.5.
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Figure 4: Qualitative analysis of the proposed method (Behavior-IL).The agent, having already acquired
knowledge of the behaviof 1 = HEAT, proceeds to learn the new behavipr= PICK2&PLACE. Subse-
quently, we evaluate the agent's ability of the prior behavjor; to determine if any forgetting has occurred.
Irrelevant Action denotes an action that results in incorrect navigation. “Finetuning' fails to nd a target object,
“Mug,' and eventually fails at the task. DER++ succeeds in navigating to and picking up the mug but fails to
reach a microwave above the agent, also leading to task failure. On the contrary, our CAMA further succeeds
in reaching the microwave, heating the mug, and putting it back on the coffee machine, leading to task success.

The Behavior-IL setup. In Figure 4, the agent is evaluated for the previous behavjor, =

HEAT while learning the current behaviof, = PIcCk2&PLACE. Here, the agent is required to heat

a mug and put it on the coffee machine. The agent can sequentially complete the task by 1) picking
up a mug, 2) heating it using a microwave, and 3) putting it on the coffee machine.

“Finetuning' rst explores the environment to nd a mug. However, it fails to recognize the mug
and therefore keeps wandering in the environment, eventually leading to task failure. Meanwhile,
"DER++' succeeds in nding the mug and picking it up but forgets how to reach a microwave above
the agent to heat an object. The agent also keeps wandering in the environment and eventually, it fails
at the task. In contrast, our CAMA succeeds in navigating to and picking up the mug. After grabbing
the mug, our agent nds, reaches the microwave above, and successfully heats the mug. Finally, our
agent then put the heated mug on the coffee machine, as described in the instructions, which implies
that our CAMA enables the agent to maintain the knowledge of the previous behaviors.

6 CONCLUSION

We propose two continual learning setups that learn new behaviors (Behavior Incremental Learning,
Behavior-IL) and environments (Environment Incremental Learning, Environment-IL) continually.
Prior methods employ the storage of model logits from previous tasks but they are updated either
only once or upon obtaining new logits, potentially resulting in learning with outdated data or uti-
lizing logits from a model that has incompletely learned the new tasks.

To effectively update the logits, we propose Con dence-Aware Moving Average (CAMA), a simple
yet effective approach that dynamically determines moving average coef cients based on the agent's
con dence scores. We observe that the CAMA outperforms all prior arts by noticeable margins.

Limitation and future work.  While the disjoint setup operates under the assumption that tasks

in streaming data are non-overlapping (Parisi et al., 2019), posing a stringent test for catastrophic
forgetting, such non-overlapping scenarios might not always be the case in real-world scenarios. To
address this aspect, extending our proposed setups to feature overlapped tasks in streaming data, such
as blurry setups (Prabhu et al., 2020; Bang et al., 2021) or Gaussian scheduled regimes (Shanahan
etal., 2021; Wang et al., 2022), represents a promising avenue for future research.
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