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A. Handling Long-Horizon Dynamics with Continual
Multimodal Models. In a world where data, tasks, and
environments are constantly changing, models trained on
static datasets quickly fall out of sync with real-world needs.
Continual learning in multimodal settings is essential, al-
lowing AI systems to flexibly integrate diverse inputs, such
as text, images, and video, while adapting to new contexts.
These models must steadily expand their knowledge, bal-
ancing the retention of valuable information, refinement of
outdated knowledge, and integration of new insights. This
has been a key focus of my research (Yoon et al. 2018, 2020,
2022; Maharana et al. 2025). Given the continuous expan-
sion of the instruction-tuning datasets, I led Adapt-∞ (Ma-
harana et al. 2025), a framework that dynamically selects
informative data to balance continual learning and efficiency,
enabling practical deployment in resource-constrained sce-
narios (See Figure 1). Additionally, models often need to
acquire new information while discarding outdated knowl-
edge. To evaluate such knowledge-refinement capabilities
over time, EvolvingQA (Kim et al. 2024) designed a new
benchmark assessing LLMs’ temporal adaptation abilities.
The existing methods struggle to remove outdated informa-
tion, highlighting the challenges in rectifying and updating
knowledge.

B. Dynamic Multimodal Memory Agent for Long Video
Reasoning. Recent advances in video large language mod-
els have demonstrated strong capabilities in understanding
short clips. However, scaling them to hours- or days-long
videos remains highly challenging due to limited context
capacity and the loss of critical visual details during abstrac-
tion. Existing memory-augmented methods mitigate this by
leveraging textual summaries of video segments, yet they
rely heavily on text and fail to leverage visual evidence when
reasoning over complex scenes. Moreover, retrieving from
fixed temporal scales further limits their ability to capture
events that span variable durations. To address this, I in-
troduce WorldMM (Yeo et al. 2025), a novel multimodal
memory agent that constructs and retrieves from multiple
complementary memories, encompassing both textual and
visual representations. WorldMM comprises three types of
memory: episodic memory, which indexes factual events

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

…
Temporal Data Stream Step 1. Pseudo-Task Clustering

𝒔𝟎 ⋅ 𝒔𝟏 ⋅ 𝒔𝑵−𝟏 ⋅
…

t=0 t=1 t=2 t=3

Training Data Pool

Step 2. Multi-way 
Data Selection

Step 3. Redundancy-
based Permanent Pruning

Gradient 
Vectors

K-Means

Selection of Scoring 
Function and Data Samples

Training

Lifelong
MLLMSample

Redundancy
Diversity 

Figure 1: Lifelong Multimodal Learning via Selective Knowl-
edge Accumulation and Expansion

across multiple temporal scales, semantic memory continu-
ously updates high-level conceptual knowledge, and visual
memory preserves detailed information about scenes. During
inference, an adaptive retrieval agent iteratively selects the
most relevant memory source and leverages multiple tem-
poral granularities based on the query, continuing until it
determines that sufficient information has been gathered.

C. Self-training to Adapt to Unseen Tasks using Auto-
generated Training Sources. Beyond distributional gaps
between training and test data, these systems often need
to adapt to untrained or unfamiliar tasks after deployments.
Self-training provides an effective solution by leveraging
synthetic datasets to improve model capabilities in handling
OOD tasks, addressing data scarcity while ensuring adapt-
ability to evolving challenges across diverse environments.
I introduced SELMA (Li et al. 2024) that enhances text-to-
image (T2I) generation by fine-tuning automatically gener-
ated multi-skill image-text datasets. With skill-specific LoRA
expert learning and merging, SELMA reduces errors in object
relationships and missing details, improving text-image align-
ment across diverse prompts. In a similar vein, I proposed
EnvGen (Zala et al. 2024) for continual embodied agent
learning. This approach uses LLMs to dynamically gener-
ate and adapt to training environments, enabling embodied
agents to learn and generalize in real-world settings more
efficiently, especially for long-horizon tasks and open-world
reasoning.
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