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ABSTRACT

Multimodal large language models (MLLMs) have demonstrated strong perfor-
mance in understanding holistic videos. However, their ability to process stream-
ing events—represented as sequences of visual clips—remains underexplored. In-
tuitively, leveraging prior events as memory can enrich the contextual and tem-
poral understanding of current events. Inspired by this, we show in this paper
that using preceding events as context, i.e., memory, helps MLLMs better com-
prehend video events. However, such memory relies on MLLMs’ predictions of
prior events and inevitably accumulates misinformation in a streaming setting,
leading to confabulation in contexts and degraded performance. To address this,
we propose a confabulation-aware memory modification method that mitigates
the impact of confabulated memory for improved memory-enhanced event under-
standing.

1 INTRODUCTION

Leveraging Multimodal Large Language Models (MLLMs) to understand events in videos (Yu et al.,
2024;Zhang et al.,|2023;Maaz et al.}|2024; ?) has shown their effectiveness in a wide range of tasks
like video question answering and video captioning due to the excellent reasoning capabilities of
backbone LLMs.

Much of the existing research focuses on understanding holistic videos (Zhang et al., 2023} [Li et al.,
20244), where videos are treated as a whole, and MLLMs take videos’ global representation as inputs
without performing more fine-grained understanding. In real-world scenarios, however, videos are
often streaming and multi-event in nature, with events unfolding sequentially. Events in videos
exhibit significant temporal, causal, and contextual dependencies over preceding events due to their
inherent semantic correlation. Akin to human cognition, knowledge of past events can help in
understanding the present effectively. This intrigues us as to how MLLMs understand events in
videos in a sequential manner.

We treat preceding events in videos as memory and thus begin by exploring how incorporating mem-
ory in LLMs can help enhance event understanding in videos. A common practice for forming mem-
ory in LLMs is to prepend relevant contexts to the inputs of LLMs/MLLMs (Behrouz et al.| [2024;
Zhang et al.l [2024b; Wang et al.| [2024b)) where memory and knowledge are retained and recalled
in tokens. Specifically, we specify the memory in the streaming video setting as event-triggered
memory (Fountas et al., 2025} |Hatalis et al., [2023)) since they are contextualized and dependent on
the current scenes in videos, other than external event-agnostic knowledge. The memory consists
of long-term memory (Hatalis et al., 2023)), recollected from other episodes or videos with relevant
events, and short-term memory of events that directly precede the current one.

As shown in Fig. [T] and later in Tab. [I] integrating memory as contexts, which consist of events
and their narrations (detailed in Sec. [2), significantly outperforms the off-the-shelf zero-shot model,
highlighting that knowing the past notably helps MLLMs.
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Ground truth
The camera wearer drops the cloth on the floor.

@W/O memory
The camera wearer folds the cloth with her hands. X

@ w/ ground-truth memory
The camera wearer drops the cloth on the floor.

@ w/ confabulated memory
The camera wearer picks a cloth from the drum with the pot
in his right hand.

Figure 1: Possessing memory of past events can help understand the current event. However, for
streaming events in videos, we cannot access ground-truth narrations for previous events and this
leads to confabulation.

Nevertheless, this performance represents a gold-standard baseline—feasible only in ideal scenarios
rather than in a practical streaming setting. In practice, MLLMs don’t access the ground truth mem-
ory, rendering the leveraged short-term memory prone to mispredictions in the previous rounds due
to hallucinations or incomplete observations. We reevaluate the model under streaming conditions
and observe a substantial performance drop which can be attributed primarily to misinformation
generated in the memory, a phenomenon referred to as confabulation (Sui et al., [2024).

To address the inevitable confabulated memory in the streaming setting, we introduce CAMEO, a
confabulation-aware memory modification approach to mitigate the confabulation problem.

Our paper can be summarized as follows:

1. We demonstrate that leveraging memory as context in MLLMs improves understanding of
video events by introducing contextual and temporal knowledge;

2. Yet ground-truth memory is not accessible in the real streaming setting since the memory
suffers from misinformation in MLLMSs’ generation, namely confabulation;

3. We propose CAMEOQO, a memory modification approach, to mitigate confabulated memory
in MLLM:s.

2 LEVERAGE MEMORY AS CONTEXT IN EVENT UNDERSTANDING

2.1 PRELIMINARY

Given a video episode & consisting of a sequence of N events {ey,..., ey} where an arbitrary
event e; in the episode is a short video clip consisting of multiple frames. LLMs need to predict the
narration ¢,, of the current query event e,, with only access to the preceding events e.,,_1 .

Memory Memory (Fountas et al.} 2025} Das et al 2024) in LLMs, akin to human brains, refers to
recollecting relevant events from past experiences. We denote the memory activated by the current

event e, as M. We adopt two types of memory: long-term memory M’ from the set of other
episodes as persistent memory D and short-term memory M®, which respectively means the mem-
ories that occurred earlier and memories in the current episode. Memory as contexts M is defined
as a set of event and narration pairs recollected:

M=MUM, M ={(ef,t1),...,(eh,tn)} M ={(e,85),..., (en v )} (D)
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Algorithm 1: Streaming Evaluation

Input: Current query event e,, ,
To collect events ¢! in ./\/ll we use a similarity- ;

i ’ Ys Current episode up to current event &.,,_1,
based retrieval method. In contrast, for events e,  Persistent memory D
in M®, we rely on recency, selecting the mostre-  Qutput: Prediction of narration ¢,,
cent events relative to the current event (detailed TInitialize M® « @;

in Sec. [C.1). forn =17 N do

Memory as Context A prominent trend in Collec_t long-term memory from D
: for k = 1to N; do
memory-enhanced LLMs is to use memory I I
as contexts in LLMs’ inputs (Fountas et al. ‘ M < (e, t;) € D;
2023} [Behrouz et al) [2024), thereby leverag- gnd
ing the In-Context Learning (ICL) capability of t, « LLM(M,e,) ;
LLMs (Brown et al., 2020; [Gao et all,[2023). We Update short-term memory with new

formulate long-term and short-term memories as prediction
prepended contexts to the inputs. M = (e, 1)
end
return fn ;

2.2 GAIN & L0SsS: MEMORY IN EVENT
UNDERSTANDING

An Upper Bound: Ground-truth Memory helps We begin by introducing a golden baseline: we
use M with ground-truth narrations in the short-term memory M?, denoted by /\/l;t. In this setup,
all memories are factual and plausible; therefore, providing an upper bound on the performance of
memory-enhanced MLLMs.

Confabulated Memory Misleads Streaming Event Understanding We next evaluate LLMs’ event
understanding capabilities in a streaming scenario, as explained in Alg. 2] This setting is more
practical and challenging since the model cannot access ground-truth short-term memory M;t or

rather the true narrations and can only utilize generated narrations up to the current event M;en.

As shown in Fig. 2] our streaming evaluation relies on the short-term memory that incorporates
earlier events and their predicted narrations. Each incoming event’s prediction is subsequently con-
solidated into the short-term memory of the current episode.

We will elucidate the experiments in the Sec. [3.3]

Output layer The camera wearer is cooking soup..

( MLLMs | e

lumate
Token layer Lv(vlvlvivlfs:vivlv(vlvlv

Current episode £
Learnable token LongtermMemory  Learable token Short-term Memory  Current Event P

5T 8T

Persistent memory P

Input layer

Long-term Memory M Short-term Memory M'® Current Evente,,

Activation layer ‘ ® Recency-based Retrieval

® Similarity-based Retrieval

Figure 2: Model Pipeline for memory as contexts for streaming events reasoning. We interleave the
events and narrations from the long-term and the short-term memory as contextual inputs.

2.3 CAMEO: MITIGATING CONFABULATION

We propose a probing-and-surgical approach, CAMEO (Confabulation-Aware MEmory
mQdification), to mitigate confabulation in our setting. We treat confabulated memories as less
factual and less credible contexts for LLMs. Accordingly, we propose to quantize the credibility of
short-term memory and reduce the contribution of heavily confabulated memories.
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Uncertainty Estimation We adopt the semantic entropy proposed by Kuhn et al.| (2023); [Farquhar
et al.| (2024) as a proxy for assessing the credibility of generated narrations. Specifically, we sample

S generations of target narrations {f,sl), ceey A(S)} from the output distribution of the LLMs condi-
tioned on the memory M and query event e,, from the posterior distribution p(%,| M, e,)). Next,
we cluster the sampled narrations by their semantic equivalence, as described by Kuhn et al.[(2023),
to identify the semantic clusters C' of generated narrations. The resulting semantic entropy is calcu-
lated as in Eq[2}

se(fn) = =) plclM, e,)logp(c| M, e,)) @)

Probing Confabulation-Prone Heads Attention heads have been shown to represent different sub-
spaces of contextual information in LLMs (Deng et al.,2024; Elhage et al.,|2021; | Meng et al., 2022)
and (Deng et al.,[2024) demonstrates that modifying attention heads can mitigate misinformation in
textual contexts.

Inspired by (Deng et al., 2024), we aim to locate the confabulation-prone attention heads in the
transformer architecture. To do so, we manipulate one ground-truth narration ¢; with a random,
irrelevant narration tj_ in D, ablate an arbitrary attention head h in the transformer, and then calculate
the output logits to quantify the indirect effect (IE) (Meng et al.l |2022; Deng et al., 2024)), thereby
identifying the influence of this attention head.

Confabulation-aware Memory Modification Once we identify the confabulation-prone heads, we
can reweight the attention in the most influential attention heads to the confabulated memory £,
them according to their semantic entropy, as detailed in Appx.[C.3] We convert semantic entropy
into weights as follows: A A

w(tn) = 1/61'17(_7— X Se(tn)) (3)
where 7 is a temperature coefficient, with which we can tweak the modification scale.

3 EXPERIMENTAL STUDY Table 1: Model Performance. Memory improves
event understanding, while confabulated memory

We elaborate the model design (Sec. , may mislead MLLMs.

implementation details(Sec. @, and results

Model STS Rouge-L BLEU
(Sec.[33).
OPT-2.7B
w/0 memory 0.495 0.520 0.179
A
3.1 MODEL DESIGN w/ ground-truth memory (16 shots) 0.655 0.623 0.346
A -0.152 -0.082 -0.163
Model Architecture Our models fOHOW com- w/ confabulated memory (16 shots) 0.503 0.541 0.183
mon MLLM paradigm (Liu et al., 2023} [Dai Vicuna-7B
v g 1 0.615 0.588 0.240
et all} 2023} [Liu et al 2024; [Li et al., 2023):  X° ™"
a visual encoder, a cross-modal bridge, and an W/ ground-truth memory (16 shots) 0793 0733 0.534
- A -0.137 -0.142 -0.220
LLM backbone. EVCI’ltS, treated as Short VldCO w/ confabulated memory (16 shots) 0.656 0.591 0.315

clips, can vary in length, so we downsample
them to a fixed length [, = 8. We then encode each frame individually with the CLIP (Radford et al.,
2021) visual encoder. Subsequently, we use an event-aware bridge to encode the events and align
them to the language space of LLMs, as shown in Fig. [2] More details can be found in Appx.

By encoding all the events in the memory M, we interleave these events with their narrations and
provide them as context to the model, alongside the new query event and the question.

Model Selection We employ two widely used Large Language Models in our experiments: OPT-
2.7B (Zhang et al.,|2022)) and Vicuna-7B (Zheng et al.,2023)). We also use the Q-Former proposed by
Li et al.|(2023)) as an effective bridge to compress visual features from clips. Although MLP-based
projection (Liu et al., 2024} 2023)) is a popular method for adapting vision to the language space,
it increases computational overhead when processing multiple video inputs, making compression
essential. We initialize the Q-Former for OPT-2.7B from |Dai et al.| (2023) and for Vicuna-7B from
Zhu et al.| then unfreeze each with training data.

3.2 IMPLEMENTATION

Training Details
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= Vicuna-7b wfo CAMEO
Vicuna-Tb w/ CAMEQ

To elicit the multimodal in-context learning capability of
MLLMs, we retrain them with memory M as interleaved
video-text data (Yu et al., 2024; |Alayrac et al., 2022; |Li et al.,
2024b; Wang et al., 2024a)), following Alg[2|in Appx.[C.2|

Score

0.60-

We pad 8 events sampled from D and 8 most recent events in
the current episode £ and adopt two new learnable tokens to (a) Vicuna-7B
distinguish different memories. The total shot number is 16. T————

We unfreeze the Q-Former to adapt to visual events. 070

Dataset We use the Ego4D dataset (Grauman et al.l [2022) for o651

our task. To construct D from past episodes and for training, oo

we utilize the training split. To probe the confabulation-prone oss-

heads, we rely on the validation set. Finally, for all evaluations, 050-

we employ the test set. o] [

ROUGE-L sTs

Evaluation We evaluate the narrations with Semantic Textual
Similarity (STS) by [Reimers & Gurevych| (2019), ROUGE-L (b) OPT-2.7B

by [Lin| (2004), BLEU by [Papineni et al.|(2002). Figure 3: Performance improve-

ments with CAMEO.
3.3 RESULTS

Memory helps, but confabulation misleads We first compare 3 baselines: MLLMs without mem-
ory, MLLMs with ground-truth memory (w/ ground-truth narrations), and MLLMs with confabu-
lated memory (w/ generated narrations) in Tab. E}

First, we observe a significant performance gain when MLLMs leverage memory as contexts, yield-
ing a large margin of improvement across all mentioned metrics for both models.

However, the performance drop in streaming evaluation is concerning. Its primary cause is that
in the streaming scenario, we replace ground-truth narrations with previously generated narrations
of recent events. This inevitably leads to a performance drop, stemming from the confabulation
introduced by earlier predictions.

Mitigating Confabulation As shown in Fig.|3] with CAMEO, the reasoning capabilities of MLLMs
for streaming event understanding improve significantly. This result underscores the effectiveness
of CAMEO in combating confabulated memory.

4 CONCLUSION

In this work, we demonstrated how memory, leveraged as context, can inject temporal and con-
textual knowledge into MLLMs and enhance their understanding of events in streaming videos.
However, in practical streaming scenarios, accessing the ground-truth memory of prior events is of-
ten impossible, leading to confabulation when the current predictions depend on previously gener-
ated narrations. We addressed this issue by proposing a confabulation-aware attention modification
mechanism, CAMEOQO, which uses the semantic uncertainty of predicted narrations as a proxy for
the credibility of potentially confabulation-prone memory. We show that this approach effectively
mitigates confabulated memory.

Limitations In this work, we focus on forming memory as context for MLLMs. While this approach
is training-free and allows us to exploit MLLMs’ capabilities fully, future efforts could investigate
parameterized memory components, as discussed by [Behrouz et al.| (2024).

Our current setting relies on a predefined semantic boundary between events in the original dataset
to simplify the task. Thus, videos are streamed at the event level rather than the frame level. A more
realistic streaming scenario would be more challenging because the semantic boundary is unknown.

Due to computational constraints, our model selection is limited. Implementing interleaved video-
text inputs requires a powerful architecture to compress visual features and reduce token length (e.g.,
Q-Former). This hinders our ability to explore other models that do not compress visual features, as
their computational complexity grows quadratically with the amount of memory shots.
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APPENDIX

A NOTATION TABLE

We summarize the notations used in the paper in Tab.[2]

Table 2: Notations used in the paper.

Notation Description

A video episode
Persistent memory
Memory (overall)

Long-term memory

Short-term memory

1-th event

the current query event

Narration of an event

Generated narrations of an event

A pair of event and narration

The size of long-term memory

The size of short-term memory

c Semantic cluster of sampled narrations
LLM(-)  generation of Large Language Model

SorrEeT

Sk D O

S
~
~—r

B RELATED WORKS

B.1 TEMPORAL UNDERSTANDING IN VIDEOS

Understanding temporal ques in videos is challenging and MLLM-based methods draw great atten-
tion. A wide range of work (Maaz et al.l [2024; Qian et al. 2025} Zhang et al.| 2024a; He et al.,
2024) leverages the reasoning ability of MLLMs and presents great performance in understanding
holistic videos.

B.2 MEMORY AS CONTEXTS IN LLMs

Implementing memories has been a big topic. Due to the emergent abilities of LLMs (Wei et al.,
2022) to understand and leverage context, using contexts as memory has been one mainstream ap-
proach for NLP tasks(Fountas et al., [2025) and also multimodal tasks(Fan et al.l |2024} |Chen et al.,
2024).

C EXTENSION OF EXPERIMENTAL STUDY

C.1 MODEL IMPLEMENTATION

Similarity-based Retrieval We retrieve relevant events from M based on their semantic similarity
with the current query event. We use the features in the output layer of the CLIP visual encoder and
calculate their cosine similarity with the query event.

Recency-based Retrieval We collect the events from M* based on recency, namely the most N,
recent events will be sampled from the current episode £ from the current event e,, .

C.2 TRAINING

We elaborate our training algorithm as in Alg. 2] For training, we used 16 shots of memory events:
8 from long-term memory and 8 from short-term memory in the same episode. We use the ground-
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truth annotations in the training to adapt the MLLMs to learn the temporal and contextual knowledge
from the memory.

We adopt the next token prediction loss. For training, we utilize 4 Nvidia A100 for 75 hours on the
full training set of Ego4D with 5 epochs. The learning rate is set to le-5 and the batch size to 8. For
streaming evaluation, we adopt 1 Nvidia A40 for 4 hours.

Algorithm 2: Training

Input: Current query event e,, ,
Current episode &,
Persistent memory D
Qutput: Prediction of narration t,,
Collect short-term memory from the current episode £
for j = 170 N, do

‘ Ms « (en_j,tn_j) S g,
end
Collect long-term memory from D
for k. = 110 N;do

| M« (e, ti) € D;
end
M = M UM
t, < LLM(M,e,) ;
returnt,, ;

C.3 CAMEO IMPLEMENTATION

Probing Confabulation-prone Attention Heads We selected 9 episodes consisting of 189 events
from the validation split of Ego4D. For each event, we compose the memory set M with 8 long-term
memories and 8 ground-truth short-term memories and randomly replace one narration of a short-
term event with a wrong narration. Then we ablate each attention head in each layer to calculate the
influential effect. As shown in Fig.[8] we locate the top-k confabulation-prone attention heads with
the largest IE.

In the end, we pick up top-96 confabulation-prone attention heads and use a temperature of 0.6 for
Vicuna-7B; top-32 confabulation-prone attention heads and use a temperature of 0.8 for OPT-2.7B.

Attention Modification in CAMEO Considering the memory as contexts C =
{e{,t{,...7ef,tllvl,ef\h,ff ,...»en..In_}, each generated narration ¢ has its semantic entropy
score se(t”) and its modification weight w(#"). For other contextual inputs like e and ¢, the

modification weight is set to 1. The resulting modification weight is w of which k-th token has the

weight,
5y g | s
Wy = {w(t ) if tokeny, belongstot, @

1 otherwise

For an arbitrary attention head h in transformers, we multiply the attention matrix A by the modi-
fication weight w elementwisely Aj, o w.

C.4 EXTENDED RESULTS

Different ratio of memory We explore different ratios of short-term memory M® and long-term

memory M. We defined the total length of M as 16 and tried different ratios of M over a total
length of M. As shown in Fig. @}{5] we experiment with Vicuna-7B and OPT-2.7B under various
ratios of memory in the training and evaluation stages (using ground-truth memory) respectively.
With the memoryless baseline (0-shot) highlighted in the figures, we observe that a blend of short-
term and long-term memory strikes a strong balance in event understanding performance. We also
find that this trade-off is somewhat impacted by the ratio applied in the training phase. Furthermore,

10
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all memory-augmented settings consistently outperform the memoryless baseline, thus reinforcing
our finding that memory indeed aids event understanding.

Different shots of memory We also study the performance impact of different shots. We use the
same ratio 1/2 where half of the memory is short-term memory as in Fig. We find that an
increasing number of events in memory can increase the performance. This aligns with our emphasis
over the impact of memory and the in-context learning ability in LLMs (Yu et al., 2024} Brown et al.,

2020).

(@ ROUGE-L (25%
short-term memory in
training)

(¢) ROUGE-L (50%
short-term memory in
training)

(¢) ROUGE-L (75%
short-term memory in
training)

(b) STS (25% short-term
memory in training)

STSBE

16 12116 14716

(d) STS (50% short-term
memory in training)

STSBE

12016 14116

(f) STS (75% short-term
memory in training)

Figure 4: Evaluation of Vicuna-7b with differ-

ent training ratios.
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(b) STS (25% short-term
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(d) STS (50% short-term
memory in training)

070 =

STSBE

() ROUGE-L (75%
short-term memory in
training)

(f) STS (75% short-term
memory in training)

Figure 5: Evaluation of OPT-2.7B with different

ratios.

0.64
0.62
0.60

0.58

SBS

0.56

0.54

0.52

~&— Vicuna-7b w/o memory.
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12shot 16shot

(b) ROUGE-L

2shot 4shot

-~ Vicuna-7b w/o memory

8shot

(c) STS

12shot 16shot

Figure 6: Results of Vicuna-7B with ground-truth (GT) memory of different shots. We employ 50%
short-term memory in all the experiments.

C.5 QUALITATIVE STUDIES

We showcase three examples as in Fig.[9] They demonstrate that leveraging short-term memory as
contexts can significantly help to understand the current event.

11
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Figure 7: Results of Vicuna-7B with ground-truth (GT) memory of different shots.
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Figure 8: Comparison of probing results for Vicuna-7b and OPT-2.7b across different layers and
heads.
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S

e e e e e
n-8 n-7 n-6 n-5 n—4
The camera The camera The camera The camera The camera The camera The camera The camera
wearer drops wearer picks wearer hits wearer dips wearer picks wearer drops wearer picks wearer hits
the cloth on the cloth on the cloth on the cloth in the cloth from  the cloth on the cloth from the cloth on
the floor. the floor. the floor. the bucket the bucket of the floor. the floor. the floor.

of water. water.

en
Ground truth
The camera wearer drops the cloth on the floor.

w/0 memory

& The camera wearer passes the second cloth to her right hand.
w/ memory

The camera wearer drops the cloth on the floor with both hands.

(a) Example 1

€n-g €7 €6 €ns €n-4 €3 €2z [
The camera wearer The camera The camera The camera The camera The camera The camera The camera
squeezes water wearer picks a wearer drops wearer picks wearer drops wearer picks wearer folds wearer hits
from the cloth. cloth from the the cloth back another cloth the cloth back another cloth the cloth into the cloth
bucket. in the bucket. from the in the bucket. from the two. on the floor.
bucket. bucket.

en
Ground truth
The camera wearer dips the cloth in the bucket of water.

w/o memory

¥ The camera wearer picks up a piece of cloth with her right hand.
w/ memory

The camera wearer dips the cloth into the water.

(b) Example 2

]
5
\

€h-g €n7 €y €n-3 €z €1
The camera The camera The camera The camera The camera The camera The camera The camera
wearer pours wearer drops wearer rinses wearer puts wearer rinses wearer drops wearer picks wearer pours
water from sponge on bottle with sink water bottle. bottle in sink. the other sink water in
bottle in sink. countertop. sink water. in bottle. bottle in sink. bottle.

s

€n

Ground truth

The camera wearer rinses bottle.

w/0 memory

K The camera wearer opens the tap.
w/ memory

The camera wearer rinses the bottle.

(c) Example 3

Figure 9: Evaluation of OPT-2.7B with different ratios and metrics.
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