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Abstract001

Vision agent memory has shown remarkable002
effectiveness in streaming video understand-003
ing. However, storing such memory for videos004
incurs substantial memory overhead, leading005
to high costs in both storage and computation.006
To address this issue, we propose Stream-007
MeCo, an efficient Stream Agent Memory008
Compression framework. Specifically, based009
on the connectivity of the memory graph,010
StreamMeCo introduces edge-free minmax011
sampling for the isolated nodes and an edge-012
aware weight pruning for connected nodes,013
evicting the redundant memory nodes while014
maintaining the accuracy. In addition, we in-015
troduce a time-decay memory retrieval mech-016
anism to further eliminate the performance017
degradation caused by memory compression.018
Extensive experiments on three challenging019
benchmark datasets (M3-Bench-robot, M3-020
Bench-web and Video-MME-Long) demon-021
strate that under 70% memory graph com-022
pression, StreamMeCo achieves a 1.87×023
speedup in memory retrieval while delivering024
an average accuracy improvement of 1.0%.025
Our code is available in the supplementary026
materials and will be released on GitHub.027

1 Introduction028

With the rapidly growing demands of application029

scenarios such as live streaming (Lu et al., 2018),030

real-time surveillance (Rao et al., 2022), and au-031

tonomous driving (Yurtsever et al., 2020), re-032

search on streaming video understanding has be-033

come increasingly important. Unlike offline video034

understanding (Zuo et al., 2025; Tang et al., 2025;035

Kahatapitiya et al., 2025; Wang et al., 2025b),036

where models can access the complete video con-037

tent and user questions prior to inference, stream-038

ing video understanding (Wang et al., 2025a; Di039

et al., 2025; Xiong et al., 2025; Qian et al., 2025;040

Zhang et al., 2024; Yang et al., 2025a) can only041

rely on the limited information observed before042
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Figure 1: An example from M3-Bench-robot. (a)
Composition of the memory graph. (b) Analysis of
memory retrieval time with respect to the number of
text nodes, indicating that the increment of memory
nodes makes the retrieval time not acceptable.

the user’s question arrives, making how to effi- 043

ciently process continuously incoming visual in- 044

formation a critical challenge. Current research 045

on streaming video understanding primarily fo- 046

cuses on achieving long-video understanding by 047

carefully handling the vision tokens and KV cache 048

(Yang et al., 2025b; Yao et al., 2025a). However, 049

for extremely long videos, these methods still suf- 050

fer from the loss of critical visual information and 051

struggle to maintain long-term consistency of en- 052

tities such as human identities. 053

To tackle this challenge, agent memory-based 054

methods are introduced to organize the informa- 055

tion of videos as memory in plaintext. For exam- 056

ple, M3-Agent (Long et al., 2025) leverages agent 057

memory mechanism to model streaming video as 058

a memory graph, representing entities with face 059

and voice nodes and abstracting rich visual con- 060

tent into text nodes, thereby preserving informa- 061

tion integrity and long-term entity consistency. 062

Nevertheless, as the memory graph scales up, stor- 063

age and retrieval efficiency become major bottle- 064

necks. As shown in Figure 1, the increasing num- 065

ber of text nodes leads to a rapidly increasing 066

memory retrieval latency, which hinders the real- 067

time answering of questions. 068

To address this, we propose StreamMeCo, an 069

efficient training-free Long-Term Stream Agent 070
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Memory Compression framework, achieving the071

first memory compression of industrial-level072

streaming video agent and supporting efficient073

memory graph retrieval. Based on the connectiv-074

ity of the memory graph, we design a dual-branch075

memory compression method. For isolated text076

nodes, we use the Edge-free Minmax sampling077

(EMsampling) module for compression. First, we078

cluster the text nodes into different groups, then079

for each cluster, we first select the node closest080

to the cluster center and add it to the selected081

set, then calculate the minimum distance between082

each unselected node and the selected set, choos-083

ing the farthest point. This process continues un-084

til the number of selected nodes meets the pre-085

defined requirement. For connected text nodes,086

we use the Edge-aware Weighting pruning (EW-087

pruning) module. By calculating the weight edge088

matrix between text nodes and face nodes or voice089

nodes, we determine the entity importance of each090

text node. We then combine the embedding simi-091

larity of the text nodes to select the most dissimilar092

text nodes, and ultimately determine the retained093

text nodes based on a comprehensive fusion score.094

Additionally, to reduce the performance degra-095

dation caused by compressing the memory graph,096

inspired by the human memory mechanism, we097

design a Time-decay Memory Retrieval (TMR)098

mechanism for efficiently retrieving the memory099

graph. We calculate the total similarity between100

text nodes in the memory graph and the model’s101

query for each time segment. Based on the to-102

tal similarity of each time segment, we dynami-103

cally allocate the number of text nodes to different104

segments. Furthermore, to simulate the memory105

decay mechanism of the human brain, we assign106

nonlinear time-varying decay to the text nodes of107

each time segment, thereby adaptively balancing108

long-term memory and recent critical information109

during the retrieval stage, and guaranteeing the re-110

trieval of more memories from recent segments.111

In summary, the main contributions of this pa-112

per are as follows:113

• We propose edge-free minmax sampling mod-114

ule and edge-aware weighting pruning module,115

which efficiently compress the memory graph116

based on its structural properties.117

• We introduce a novel time-decay memory re-118

trieval mechanism, which has been experimen-119

tally proven to significantly outperform previ-120

ous retrieval frameworks.121

• We demonstrate the effectiveness of Stream- 122

MeCo through extensive experiments. On three 123

high-difficulty benchmark datasets, under ap- 124

proximately 70% memory graph compression, 125

the proposed method achieves a 1.87× speedup 126

in memory retrieval while delivering an average 127

accuracy improvement of 1.0%. 128

2 Related Work 129

2.1 Streaming Video Understanding 130

Streaming video understanding enables a model to 131

continuously process incoming frames, and upon 132

receiving a user question Qt at time t, generate 133

responses based on the accumulated content C1:t. 134

Existing methods fall into two main paradigms: 135

visual token compression and KV cache compres- 136

sion. The former selects informative tokens ei- 137

ther in pixel space or after feature encoding (Chen 138

et al., 2025; Dorovatas et al., 2025; Zeng et al., 139

2025; Yao et al., 2025a; Li et al., 2025; Huang 140

et al., 2025; Chen et al., 2024). While the lat- 141

ter maintains a short-term sliding window and a 142

long-term memory stack at the LLM level to pre- 143

serve information across temporal scales (Yang 144

et al., 2025b; Kim et al., 2025; Ning et al., 2025; 145

Di et al., 2025; Xu et al., 2025b). Recently, M3- 146

Agent (Long et al., 2025) departs from these de- 147

signs by integrating long-term agent memory into 148

streaming video understanding, showing strong 149

potential for modeling long-range temporal de- 150

pendencies and maintaining entity consistency. 151

2.2 Long-Term Agent Memory 152

Long-term agent memory is designed to provide 153

LLM-based agents with persistent memory be- 154

yond a single context window. Depending on the 155

type of input it handles, it can be categorized into 156

unimodal and multimodal forms. Unimodal mem- 157

ory (Yu et al., 2025a; Zhou et al., 2025; Chhikara 158

et al., 2025; Packer et al., 2023) typically main- 159

tains consistency across multi-turn reasoning by 160

constructing structured representations, latent em- 161

beddings, or summaries. In contrast, multimodal 162

memory (Yu et al., 2025b; Zhang et al., 2025; Yao 163

et al., 2025b; Fan et al., 2025) integrates visual, 164

linguistic, and other signals into a unified space, 165

updating them to support stable long-term reason- 166

ing and decision-making. Building on this foun- 167

dation, M3-Agent is the first to introduce long- 168

term agent memory into streaming video scenar- 169

ios, enabling application in real-time settings. 170
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( a ) The memory graph of M3-Agent ( b) The memory storage and retrieval pipeline of M3-Agent
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Figure 2: The overview of M3-Agent. (a) The memory
graph of M3-Agent. (b) The memory storage and re-
trieval pipeline of M3-Agent, illustrating two different
retrieval strategies.

3 Preliminaries171

Graph-based agent memory has demonstrated172

great potential across a variety of research areas.173

Our method exhibits strong generality and can174

be readily adapted to different graph-based agent175

memory frameworks, while this paper focuses on176

its application in streaming video understanding177

scenarios. Next, we provide a detailed introduc-178

tion to M3-Agent (Long et al., 2025).179

3.1 Memory Graph of M3-Agent180

As shown in Figure 2(a), the memory graph in-181

cludes face nodes, voice nodes, text nodes, and182

other relevant information such as edge weights.183

Each text node contains content, embedding vec-184

tors, and a timestamp of the content. Among these185

nodes, only some voice nodes are connected to186

text nodes, and some face nodes are connected to187

text nodes, while there are no internal connections188

within face nodes, voice nodes, or text nodes,189

nor between voice and face nodes. Based on the190

graph’s connectivity, the content of isolated text191

nodes is similar to: "The man’s favorite food for192

lunch is rice." with no specific entity references.193

In contrast, the content of connected text nodes194

is like: "Mark’s favorite food for lunch is rice."195

which explicitly includes entity information.196

3.2 Retrieval of Memory Graph197

As shown in Figure 2(b), after a question is in-198

put into M3-Agent, the model performs reason-199

ing and outputs the query content to be retrieved.200

Based on this content, the model retrieves from201

the memory graph, which is primarily divided into202

two approaches: character-based and semantic-203

based. If the retrieval content contains charac-204

ters like “character id”, the model returns the k205

most similar content based on the similarity be-206

tween the embedding of the query content and the207

content embedding of the text nodes, as the re- 208

trieved memory. If there is no “character id” iden- 209

tifier, semantic retrieval is performed. In this case, 210

the model segments all text nodes based on their 211

timestamps, selecting the most similar node as the 212

representative for each time segment. Finally, the 213

two most similar text nodes are selected, and all 214

text node contents at the timestamps of these two 215

nodes are returned as the retrieved memory. 216

4 Methodology 217

4.1 Overview 218

The overview of StreamMeCo is illustrated in Fig- 219

ure 3. The framework consists of two compo- 220

nents, achieving efficient compression of memory 221

graph while supporting fast and accurate retrieval. 222

4.2 Text Memory Compression 223

Based on the connectivity of the memory graph, 224

we categorize text nodes into isolated nodes and 225

connected nodes, and accordingly propose a dual- 226

branch memory compression method. Different 227

compression strategies are applied to these two 228

types of text nodes. 229

Edge-free Minmax Sampling. For isolated text 230

nodes, we have carefully designed the EMsam- 231

pling module to select the most representative 232

text nodes. Specifically, given N1 text nodes, we 233

use the Spherical KMeans Algorithm (Dhillon and 234

Modha, 2001) to cluster them into N1 × a clus- 235

ters based on the embeddings of the text node con- 236

tents, as shown in the following formula: 237

{Cj} = KMeans({ei}, a), (1) 238

where ei (i = 1, 2, . . . , N1) represents the embed- 239

ding vector of the text node contents, and cluster- 240

ing ratio a is used to control the number of clus- 241

ters, while Cj (j = 1, 2, . . . , N1 × a) represents 242

the j-th cluster. 243

Then, we assume the retention ratio of isolated 244

text nodes is α, and distribute them evenly across 245

each cluster. The number of text nodes retained in 246

the j-th cluster is |Cj | × α, where |Cj | represents 247

the number of text nodes in the j-th cluster. 248

Finally, we adopt an effective minmax sampling 249

strategy to select the text nodes to be retained from 250

each cluster. Specifically, for the j-th cluster, we 251

first select the text node closest to the cluster cen- 252

ter and add it to the selected node set Sj . Then, we 253

compute the distance from each unselected text 254
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Figure 3: The overview of StreamMeCo. Efficient memory graph compression is achieved via the EMsampling
and EWpruning modules, while the TMR mechanism prioritizes retrieving memories from more recent segments,
enabling fast and accurate memory retrieval.

node in the unselected node set Uj to the selected255

node set Sj , and select the node with the largest256

distance to add to Sj . The distance from each un-257

selected node to the selected node set Sj is de-258

fined as the minimum distance to any node in the259

selected set, as shown in the following formula:260

D(ui, Sj) = min
sk∈Sj

∥eui − esk∥, (2)261

where ui ∈ Uj is an unselected node, and sk ∈ Sj262

is a selected node, while eui and esk represent the263

embedding vectors of the unselected and selected264

nodes, respectively.265

We select unselected node ui∗ with the farthest266

distance and add it to the selected node set Sj :267

ui∗ = arg max
ui∈Uj

D(ui, Sj). (3)268

Until the number of selected nodes reaches |Cj |×269

α, the number of retained text nodes.270

Edge-aware Weighting Pruning. For con-271

nected text nodes, we carefully design the EW-272

pruning module, thereby constructing a more273

compact yet informative memory representation274

to enable efficient node pruning. Specifically,275

given N2 text nodes that are connected to face276

and voice nodes via edges, we construct an entity-277

based weight edge matrix W ∈ RM×N2 , where278

M denotes the total number of face and voice279

nodes. Each entry wij represents the edge weight280

between the i-th face or voice node and the j-th281

text node, reflecting the importance of the j-th text 282

node to the i-th face or voice node. 283

For the weight matrix W , the row-wise sum- 284

mation is computed as W ′ =
∑M

i=1wij , where 285

W ′ ∈ R1×N2 represents the importance scores of 286

the N2 connected text nodes with respect to the set 287

of face and voice entity nodes. Subsequently, we 288

normalize W ′ to the range [0, 1] to obtain the final 289

entity importance for each text node. 290

Next, for the N2 text nodes, we compute their 291

pairwise similarities to obtain a similarity matrix 292

S ∈ RN2×N2 , where sij denotes the embedding 293

similarity between the i-th and j-th text nodes. We 294

then perform a row-wise summation on the simi- 295

larity matrix, computed as S′ =
∑N2

i=1 sij , where 296

S′ ∈ R1×N2 represents the total similarity of each 297

text node to all other text nodes. Since we aim 298

to select the text nodes with higher diversity, we 299

normalize S′ to the range [0, 1] and then invert it 300

as 1 − S′, resulting in the embedding similarity 301

for each text node relative to the connected text 302

node set. For brevity, we continue to denote the 303

processed entity importance and embedding simi- 304

larity as W ′ and S′. 305

We assume the retention ratio for connected text 306

nodes is β, meaning that we need to keep a total 307

of N2 × β text nodes. For the j-th connected text 308

node, we compute its normalized entity impor- 309

tance W ′
j and its embedding similarity S′

j through 310

a weighted combination. The final fusion score is 311

computed as: 312
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rj = bW ′
j + (1− b)S′

j , (4)313

where the balancing coefficient b controls the314

trade-off between entity importance and embed-315

ding similarity.316

Finally, we retain the top N2×β text nodes with317

the highest scores and prune the others.318

4.3 Time-decay Memory Retrieval319

To reduce the performance degradation caused by320

compressing the memory graph, inspired by the321

human memory mechanism, we propose a TMR322

framework. Specifically, given the query con-323

tent generated by the model in Section 3.2, we324

first compute the embedding similarity between325

the query and the content embeddings of all text326

nodes. According to their timestamps, these text327

nodes are grouped into a series of chronologically328

ordered time segments Tj (j = 1, 2, . . . , t). At329

time step t, when the system receives a query,330

the relevance score of each time segment is com-331

puted by aggregating the similarity scores of all332

text nodes within that segment as Ej =
∑|Tj |

i=1 sij ,333

where sij denotes the embedding similarity be-334

tween the query and the i-th text node in Tj , Ej335

denotes the aggregated similarity within the time336

segment Tj , and sij denotes the embedding simi-337

larity between the query content and the i-th text338

node in time segment Tj , and |Tj | represents the339

number of text nodes in segment Tj .340

Next, to simulate human memory decay, we341

first compute the average similarity of each time342

segment as Ēj =
Ej

|Tj | . Based on this averaged343

relevance score, we then apply a temporal decay344

function to model the fading of older memories:345

E′
j = Ēj · e−λ(t−j), (5)346

where j = 1, 2, . . . , t indicates the temporal posi-347

tion of the segment, and the memory decay coef-348

ficient λ controls the rate of memory decay.349

To be consistent with the number of retrieved350

text nodes in Section 3.2, we assume that the351

model needs to retrieve a total of k text nodes as352

the final memory output. Accordingly, we com-353

pute the number of nodes selected from each time354

segment as:355

Numj =
E′

j∑t
i=1E

′
i

× k, (6)356

where Numj denotes the number of nodes selected357

from the j-th segment.358

Finally, within each time segment, we select the 359

top-ranked text nodes according to their similarity 360

to the query content until reaching Numj nodes, 361

which constitute the final retrieved memory. 362

5 Experiments 363

5.1 Experiments Setup 364

Datasets. We select three challenging open- 365

source benchmark datasets, M3-Bench-robot, 366

M3-Bench-web (Long et al., 2025) and Video- 367

MME-Long (Fu et al., 2025), to evaluate the ef- 368

fectiveness of StreamMeCo. M3-Bench-robot is a 369

streaming video dataset, while the others are of- 370

fline video datasets. Consistent with the original 371

M3-Agent setup, we use GPT-4o to assess the an- 372

swer quality and employ text-embedding-3-large 373

to encode the query content generated by M3- 374

Agent to supporting subsequent memory graph re- 375

trieval. For more details, please refer to the Ap- 376

pendix A.1. 377

Baselines. Our baselines include closed-source 378

MLLMs: Gemini-1.5-Pro (Team et al., 2024), 379

GPT-4o (Hurst et al., 2024), Gemini-Agent and 380

Gemini-GPT4o-Hybrid (Long et al., 2025). open- 381

source MLLMs: Qwen2.5-VL-7B-Instruct (Bai 382

et al., 2025), Qwen2.5-Omni-7B (Xu et al., 383

2025a). As well as streaming video mod- 384

els: MovieChat (Song et al., 2024), MA-LMM 385

(He et al., 2024), VideoChat-Online (Huang 386

et al., 2025), Flash-VStream (Zhang et al., 2024), 387

TimeChat-Online (Yao et al., 2025a), StreamFor- 388

est (Zeng et al., 2025), and M3-Agent (Long et al., 389

2025). For more introductions about the baselines, 390

please refer to the Appendix A.2. 391

Implementation Details. All experiments are 392

conducted on two NVIDIA A100 (80G) GPUs. 393

To reduce error, each experiment is executed three 394

times and the average result is reported. In our 395

setup, the clustering ratio a is set to 0.05, the bal- 396

ancing coefficient b is set to 0.1, and the mem- 397

ory decay coefficient λ is set to 0.1. For the 398

M3-Bench-robot and M3-Bench-web, we use the 399

memory graphs provided by the M3-Agent paper, 400

for Video-MME-Long, we replace the Gemini- 401

1.5-Pro API with Gemini-2.5-Pro, while keeping 402

all other settings consistent with M3-Agent. We 403

apply compression only to the memory graph pro- 404

duced by M3-Agent, while keeping all other com- 405

ponents identical to the original model. 406
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Dataset M3-Bench-robot M3-Bench-web Video-
MME-Long Avg.

Model ME MH CM PU GK All ME MH CM PU GK All

Closed-source MLLMs

Gemini-1.5-Pro 6.5 7.5 8.0 9.7 7.6 8.0 18.0 17.9 23.8 23.1 28.7 23.2 38.0 23.1

GPT-4o 9.3 9.0 8.4 10.2 7.3 8.5 21.3 21.9 30.9 27.1 39.6 28.7 38.8 25.3

Gemini-Agent 15.8 17.1 15.3 20.0 15.5 16.9 29.3 20.9 33.8 34.6 45.0 34.1 55.1 35.4

Gemini-GPT4o-Hybrid 21.3 25.5 22.7 28.8 23.1 24.0 35.9 26.2 37.6 43.8 52.2 41.2 56.5 40.6

Open-source MLLMs

Qwen2.5-VL-7b-Instruct 2.9 3.8 3.6 4.6 3.4 3.4 11.9 10.5 13.4 14.0 20.9 14.9 46.9 21.7

Qwen2.5-Omni-7b 2.1 1.4 1.5 1.5 2.1 2.0 8.9 8.8 13.7 10.8 14.1 11.3 42.2 18.5

Streaming Video Models

MovieChat [CVPR24] 13.3 9.8 12.2 15.7 7.0 11.2 12.2 6.6 12.5 17.4 11.1 12.6 19.4 14.4

MA-LMM [CVPR24] 25.6 23.4 22.7 39.1 14.4 24.4 26.8 10.5 22.4 39.3 15.8 24.3 17.3 22.0

VideoChat-Online [CVPR25] 31.7 24.7 30.5 43.1 17.1 29.9 34.3 18.9 34.1 48.3 23.1 32.7 45.9 36.2

Flash-VStream [ICCV25] 21.6 19.4 19.3 24.3 14.1 19.4 24.5 10.3 24.6 32.5 20.2 23.6 25.0 22.7

TimeChat-Online [MM25] 35.6 29.4 31.5 44.3 22.3 33.6 38.8 22.8 38.4 51.6 28.0 36.6 49.2 39.8

StreamForest [NIPS25] 33.4 29.4 31.3 44.3 19.0 32.1 37.9 22.3 39.9 51.7 27.6 36.5 51.9 40.2

M3-Agent [Arxiv25] 30.9 29.4 29.6 41.1 22.6 30.3 44.9 25.6 44.8 58.6 53.7 47.9 56.0 44.7

+Random (↓ 30%) 28.9 29.4 27.7 40.5 18.0 28.5 42.4 24.7 40.1 54.8 50.8 44.6 54.2 42.4

+Clustering (↓ 30%) 30.0 32.9 30.0 42.5 20.8 29.6 41.2 26.3 41.7 55.9 50.9 45.3 54.6 43.2

+DART (↓ 30%) 29.5 24.7 25.8 40.1 21.7 29.1 40.4 26.0 41.3 55.6 51.2 45.4 54.8 43.1

+StreamMeCo (↓ 30%) 35.7 32.9 35.5 44.0 27.5 34.6 46.4 32.2 46.5 61.8 55.8 50.7 55.2 46.8
+StreamMeCo (↓ 50%) 34.8 34.1 32.4 43.1 24.5 33.4 45.4 31.3 45.0 59.2 52.7 48.9 56.6 46.3
+StreamMeCo (↓ 70%) 34.9 31.8 32.1 42.7 24.8 34.2 43.8 28.9 43.9 57.9 52.9 47.9 54.9 45.7

Table 1: Performance comparison of different models on M3-Bench-robot, M3-Bench-web and Video-MME-
Long. The best three results for the streaming video models are highlighted in bold black font.

5.2 Main Results407

To comprehensively evaluate the performance of408

our method, we conduct comparisons with 13409

competitive baselines. For more details about410

the baselines, please refer to the Appendix A.3.411

As shown in Table 1, the overall performance of412

StreamMeCo significantly surpasses that of ex-413

isting closed-source and open-source MLLMs, as414

well as other streaming video models, demonstrat-415

ing the effectiveness of the agent memory mech-416

anism for streaming video understanding. Even417

with 70% of text nodes compressed, StreamMeCo418

still achieves an average accuracy improvement of419

1.0% across all datasets compared to the uncom-420

pressed M3-Agent.421

In addition, we have constructed three mem-422

ory graph compression methods and compared423

them with StreamMeCo, with the compression ra-424

tio controlled at 30%. In the random method, we425

randomly selected nodes from two types of text426

nodes for compression. For the clustering method,427

we used the KMeans clustering algorithm to eval-428

uate the differences between our method and tra-429

ditional clustering approaches. Specifically, we 430

divided the two types of text nodes into a series 431

of smaller clusters, each of which retains the text 432

node closest to the cluster center. For the DART 433

method, we were inspired by the DART (Wen 434

et al., 2025). Specifically, for the two types of text 435

nodes, we first randomly selected 2% of the pivot 436

nodes, then calculated the total similarity of the re- 437

maining nodes with these pivot nodes, prioritizing 438

the compression of nodes with higher similarity to 439

the pivot nodes, until the target compression ratio 440

was reached. As shown in the Table 1, Stream- 441

MeCo significantly outperforms these methods in 442

terms of performance. 443

For the M3-Bench-robot dataset, all three com- 444

pression ratios lead to varying degrees of per- 445

formance improvement. In contrast, the perfor- 446

mance gains on the M3-Bench-web and Video- 447

MME-Long datasets are relatively limited. This 448

is because M3-Bench-robot consists of real-world 449

filming captured from a first-person robotic per- 450

spective, involving daily environments and hu- 451

man–robot interactions, which naturally contain 452
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Components M3-Bench-Robot M3-Bench-Web
A B C Accuracy Accuracy
– – – 30.3 (100.0%) 47.9 (100.0%)

28.5 (94.1%) 44.6 (93.1%)
✓ 30.3 (100.0%) 45.7 (95.4%)

✓ ✓ 30.1 (99.3%) 46.1 (96.2%)
✓ ✓ 30.6 (101.0%) 46.1 (96.2%)
✓ ✓ 31.4 (103.6%) 46.9 (97.9%)
✓ ✓ ✓ 31.5 (104.0%) 47.3 (98.7%)

Table 2: Ablation study of the compression compo-
nents. The first row reports the accuracy of the M3-
Agent without compression. A: EMsampling; B: en-
tity importance; C: embedding similarity.

a higher level of redundancy. In comparison,453

both M3-Bench-web and Video-MME-Long are454

sourced from YouTube, where videos typically ex-455

hibit stronger narrative structures or scripted pro-456

duction, resulting in more concise content and rel-457

atively less redundancy, leaving limited room for458

effective compression.459

5.3 Ablation Study460

Due to the increased overlap between the nodes461

compressed by StreamMeCo and those retained462

through random compression at higher text-node463

compression ratios, the performance differences464

between modules become less distinguishable. To465

highlight the contribution of each component in466

our compression, we conduct the components ab-467

lation analysis under a 30% compression ratios.468

Compression Components Ablation Analysis.469

This component analysis focuses solely on the470

compression method and does not involve the471

TMR mechanism. As shown in Table 2, we eval-472

uate the performance of EMsampling (A), en-473

tity importance (B), and embedding similarity (C)474

under different combinations. The results indi-475

cate that enabling any single component leads476

to varying degrees of performance improvement.477

Specifically, the EMsampling module effectively478

selects the most representative text nodes from479

the isolated-node subset, while for connected text480

nodes, our method jointly considers both entity481

importance and embedding similarity, yielding a482

more compact yet informative memory represen-483

tation. When all three components are used to-484

gether, the model achieves its best performance on485

both benchmark datasets, reaching accuracies of486

31.5% and 47.3%, corresponding to 104.0% and487

98.7% of the original M3-Agent, respectively.488
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Figure 4: Impact of the TMR Mechanism on M3-
Bench-robot and M3-Bench-web at different compres-
sion ratios.

In contrast, random compression achieves only 489

28.5% and 44.6% accuracy on the two benchmark 490

datasets, resulting in substantial performance loss. 491

We observe that compression causes greater 492

performance degradation on M3-Bench-web than 493

on M3-Bench-robot, further supporting our earlier 494

hypothesis that the text nodes in M3-Bench-robot 495

contain higher redundancy. 496

TMR Impact Analysis. As shown in Figure 4, 497

when the TMR mechanism is not applied, the 498

model’s performance drops significantly on both 499

benchmark datasets once the compression ratio 500

exceeds 50%. In contrast, after introducing TMR, 501

the model accuracy improves by 3.3% over the 502

original M3-Agent even without any compression. 503

Compressing 30% of the text nodes further en- 504

hances the performance. More importantly, under 505

a 70% compression setting, the model does not 506

suffer from noticeable performance degradation 507

and performs comparably to or even better than 508

the uncompressed M3-Agent. These observations 509

demonstrate that TMR mechanism can signifi- 510

cantly reduce the accuracy loss caused by memory 511

graph compression and effectively retrieve mem- 512

ories from more recent segments for reasoning. 513

Time Efficiency Analysis. In this section, we 514

analyze the impact of the EMsampling mod- 515

ule, EWpruning module, and TMR mechanism 516

on the time efficiency of M3-Agent, with a fo- 517

cus on the memory retrieval time after con- 518

verting the model query into embeddings. As 519

shown in Figure 5, when only applying the EM- 520

sampling and EWpruning modules for compres- 521

sion, SS-Time decreases as the compression ra- 522

tio increases, while Avg-Retrieval increases corre- 523

spondingly (M3-Agent triggers up to five memory 524

retrievals per question by default). We attribute 525

this phenomenon to the reduced memory capacity 526
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Figure 5: Time Efficiency Analysis on M3-Bench-Robot, M3-Bench-Web and Video-MME-Long. SS-Time:
Time to compute and sort the similarity between the query embedding and each text node’s content embedding;
Avg-Retrieval: Average number of memory graph queries per question; TR-Time: Average total time spent
querying the memory graph for each question after obtaining the model’s query embedding.
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cient b on M3-Bench-robot and M3-Bench-web.

after compression, which limits the amount of ef-527

fective information the model can retrieve, lowers528

the confidence in the retrieval results, and requires529

more retrieval rounds to finalize the answer.530

In contrast, with the introduction of the531

TMR mechanism, Avg-Retrieval significantly de-532

creases, as TMR mechanism prioritizes more re-533

liable and higher-confidence memory entries, en-534

abling the model to obtain sufficient information535

with fewer retrieval iterations, thus effectively re-536

ducing the overall processing time.537

When compressing 70% of the memory, our538

method achieves an average 1.87× speedup in539

memory retrieval time across all datasets.540

Effect of Cluster Ratio a. As shown in Fig-541

ure 6(a), the model performs best on both datasets542

when the cluster ratio a = 0.05. When a is smaller,543

the number of clusters decreases, and each clus-544

ter contains more samples, which makes it more545

likely that text nodes with large semantic differ-546

ences are assigned to the same cluster, thereby af-547

fecting the preservation of semantic distinctions.548

In contrast, when a is larger, the number of clus-549

ters increases, and each cluster contains fewer 550

samples, making it difficult to form stable and rep- 551

resentative semantic structures, ultimately degrad- 552

ing the performance of the compressed model. 553

Effect of Balance Coefficient b. As shown in 554

Figure 6(b), the model achieves the best per- 555

formance on both datasets when the parame- 556

ter balance coefficient b = 0.1. When b is 557

further decreased or increased, the performance 558

drops to varying degrees. This observation in- 559

dicates that an excessively small balance coeffi- 560

cient prevents the model from effectively lever- 561

aging entity-importance information, whereas an 562

excessively large balance coefficient causes the 563

model to overly rely on entity importance, thereby 564

ignoring embedding similarity information and ul- 565

timately degrading the overall performance. 566

In addition, we analyzed the impact of the 567

memory decay coefficient λ, and conducted other 568

ablation experiments on the Video-MME-Long. 569

Detailed results can be found in Appendix B. 570

6 Conclusion 571

We propose StreamMeCo, the first memory 572

compression framework specifically designed for 573

industrial-scale streaming video agent. It achieves 574

efficient compression and accurate retrieval of 575

memory graphs through the integration of our 576

EMsampling and EWpruning modules, along with 577

the TMR mechanism. Experimental results show 578

that even with a 70% reduction in memory graph 579

size, StreamMeCo achieves a 1.87× speedup in 580

memory retrieval, while delivering an average ac- 581

curacy improvement of 1.0%. 582
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Limitations583

Due to the frequent need to call the Gemini-584

2.5-Pro and text-embedding-3-large APIs during585

memory graph generation, as well as the substan-586

tial time required to generate the memory graphs,587

and since M3-Agent currently only constructs588

and provides memory graphs for M3-Bench-robot589

and M3-Bench-web, we were limited by budget590

and time constraints and were only able to test591

the Video-MME-Long dataset additionally. We592

hope that future work can test more benchmark593

datasets to more comprehensively validate the per-594

formance of our method.595
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A.1 Dataset843

The detailed statistics of the three benchmark844

datasets are provided in Table 3, and the detailed845

information of the memory graph is shown in Fig-846

ure 7. Next, we provide a detailed description of847

each dataset.848

M3-Bench-robot. M3-Bench-robot contains849

100 real-world videos recorded from a robot’s850

first-person perspective, covering seven everyday851

environments, such as living rooms, kitchens,852

bedrooms, study rooms, offices, meeting rooms,853

and gyms. Each video depicts interactions be-854

tween the robot and two to four different humans,855

where the robot must build and reason based856

on these interactions. The dataset includes five857

reasoning types: ME (multi-evidence reasoning),858

MH (multi-hop reasoning), CM (cross-modal859

reasoning), PU (person understanding), and GK860

(general knowledge extraction). M3-Bench-robot861

aims to evaluate how robots use long-term mem-862

ory to reason, particularly focusing on complex863

spatial relationships, object tracking, and dynamic864

human interactions.865

M3-Bench-web. M3-Bench-web contains 920866

videos sourced from YouTube, covering 46 differ-867

ent video types such as documentaries, street in-868

teractions, variety shows, travel, food, and sports869
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Figure 7: Numbers of different types of nodes and their
memory proportion in the memory graphs of the three
benchmark datasets.

events. The videos provide a wide range of con- 870

tent, designed to challenge the agent’s ability to 871

reason in complex and dynamic environments. 872

Like M3-Bench-robot, M3-Bench-web also in- 873

cludes five reasoning types, assessing how the 874

agent integrates cross-modal information, under- 875

stands relationships between people, and extracts 876

general knowledge. This dataset is ideal for eval- 877

uating the agent’s memory reasoning capabilities 878

in diverse tasks and complex scenarios, especially 879

for cross-modal reasoning and memory retrieval 880

in varied contexts. 881

Video-MME-Long. Video-MME-Long is the 882

long-video subset of the Video-MME benchmark, 883

consisting of 300 real-world long videos and 900 884

multiple-choice questions. The videos have an 885

average duration of approximately 41 minutes 886

and may extend up to 1 hour, covering 6 ma- 887

jor visual domains and 30 fine-grained categories. 888

The dataset provides multimodal inputs includ- 889

ing video frames, audio, and subtitles, while the 890

questions emphasize cross-temporal event associ- 891

ation and complex spatiotemporal reasoning. This 892

makes Video-MME-Long a highly challenging 893

benchmark for evaluating multimodal large lan- 894

guage models in long-term temporal understand- 895

ing and multimodal information integration. 896

A.2 Baselines 897

A.2.1 Closed-source MLLMs 898

Gemini-1.5-Pro. Gemini 1.5 Pro is an advanced 899

multimodal model capable of handling long- 900

contexts of up to 10 million tokens. It is based on 901

a sparse mixture-of-experts (MoE) Transformer 902

architecture, efficiently processing various data 903

types such as text, video, and audio, and performs 904

exceptionally well across multiple benchmarks. 905

GPT-4o. GPT-4o is an advanced multimodal 906

model capable of processing a variety of input 907
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Dataset Avg. Duration(s) #Videos #QA Pairs Avg. Text Nodes #Source

M3-Bench-robot 2039.9 100 1276 2151.98 Real-world filming

M3-Bench-web 1630.7 920 3214 1067.75 YouTube

Video-MME-Long 2466.7 300 900 2499.27 YouTube

Table 3: The statistical information of M3-Bench-robot, M3-Bench-web and Video-MME-Long.

types, including text, images, and videos. It excels908

in real-time response, efficiently handling inputs909

and generating multimodal outputs. The system910

is particularly optimized for visual understanding,911

enabling fast and accurate interactions in multi-912

modal tasks. This design allows GPT-4o to per-913

form robustly across diverse challenging multi-914

modal benchmarks.915

A.2.2 Open-source MLLMs916

Qwen2.5-VL. Qwen2.5-VL is a powerful mul-917

timodal vision-language model designed for un-918

derstanding and reasoning across various input919

types, including images, videos, and text. It excels920

in tasks such as precise object localization, doc-921

ument parsing, and long-video comprehension,922

with breakthroughs in video understanding and923

object localization. Qwen2.5-VL also supports ef-924

ficient reasoning across diverse domains, handling925

complex input data and generating accurate mul-926

timodal outputs.927

Qwen2.5-Omni. Qwen2.5-Omni is a unified928

multimodal model capable of processing various929

inputs such as text, images, audio, and video,930

while simultaneously generating text and natural931

speech responses in a streaming manner. It uti-932

lizes an innovative Thinker–Talker architecture,933

enabling real-time speech responses, and excels in934

tasks like audio understanding and video reason-935

ing, making it suitable for real-time multimodal936

interaction scenarios.937

A.2.3 Streaming Video Models938

MovieChat. MovieChat is a video understand-939

ing system that integrates video models and LLM.940

It uses a sliding window to extract frame-level941

features and stores them in hybrid memory, with942

the LLM performing QA based on this memory.943

Supporting long videos over 10K frames, the sys-944

tem effectively addresses computational complex-945

ity and memory overhead, enhancing overall long946

video comprehension.947

MA-LMM. MA-LMM is a memory-augmented948

large multimodal model designed for long-term949

video understanding. It processes video frames 950

sequentially and stores information in a long- 951

term memory bank, avoiding the context length 952

and GPU memory limitations faced by traditional 953

models when handling long videos. The model ef- 954

ficiently captures temporal information in videos 955

and achieves excellent performance in tasks such 956

as video question answering and video captioning. 957

VideoChat-Online. VideoChat-Online is an ef- 958

ficient video LLM designed for streaming video 959

understanding, utilizing a Pyramid Memory Bank 960

(PMB) architecture to balance spatial and tem- 961

poral details. The model is optimized through 962

an offline-to-online learning paradigm, combined 963

with an interleaved dialogue format for video data, 964

enabling real-time video stream processing and 965

outstanding performance across multiple bench- 966

marks. It outperforms many existing models 967

in online video tasks and demonstrates excellent 968

cross-platform capabilities. 969

Flash-VStream. Flash-VStream is a real-time 970

video stream understanding model that employs 971

the STAR (Spatial-Temporal-Abstract-Retrieved) 972

memory mechanism, enabling efficient process- 973

ing of extremely long video streams and real- 974

time user query responses. By compressing vi- 975

sual information and dynamically updating mem- 976

ory, the model significantly reduces inference la- 977

tency and GPU memory consumption, supporting 978

online video question answering. Flash-VStream 979

outperforms existing methods in multiple bench- 980

marks, especially in streaming video scenarios. 981

TimeChat-Online. TimeChat-Online is an ad- 982

vanced online VideoLLM designed for real-time 983

video interaction. Its core innovation lies in the 984

Differential Token Drop (DTD) module, which 985

reduces visual redundancy in streaming videos 986

by selectively preserving significant temporal 987

changes while discarding static content between 988

frames. This approach helps achieve an 82.8% 989

reduction in video tokens, maintaining high per- 990

formance in real-time video question answer- 991
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ing (QA). Additionally, it integrates proactive re-992

sponding capabilities, triggering answers based on993

future visual cues from video scene transitions.994

StreamForest. StreamForest is an online video995

understanding model specifically designed for996

streaming video scenarios. Its core innovation997

lies in the Persistent Event Memory Forest, which998

dynamically organizes video frames into event-999

level tree structures, ensuring effective storage and1000

processing of long-term visual information. The1001

model also introduces a Fine-grained Spatiotem-1002

poral Window, enhancing real-time scene percep-1003

tion. It performs exceptionally well across mul-1004

tiple streaming video understanding benchmarks,1005

particularly in real-time video question answering1006

and autonomous driving applications.1007

M3-Agent. M3-Agent is the first industrial-1008

grade streaming video agent, integrated with a1009

long-term Agent Memory mechanism, capable of1010

processing video and audio inputs in real-time.1011

It generates episodic and semantic memories to1012

gradually build world knowledge and completes1013

tasks through multi-turn reasoning.1014

A.3 Baselines setup1015

A.4 Closed-source MLLMs1016

M3-Agent consists of two models, memorization1017

and control, and is trained using reinforcement1018

learning. Following the approach in the M3-Agent1019

paper, we use the closed-source MLLMs Gemini-1020

1.5-Pro and GPT-4o to replace the memoriza-1021

tion model, generating descriptions for video clips1022

and storing them as long-term memory. Subse-1023

quently, through retrieval-augmented generation1024

(RAG) (Lewis et al., 2020), we use GPT-4o to1025

perform memory retrieval as a replacement for the1026

control model.1027

Following the approach in the M3-Agent pa-1028

per, for Gemini-Agent, we use Gemini-1.5-Pro1029
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Figure 9: Impact of the TMR Mechanism on Video-
MME-Long at different compression ratios.

to replace the memorization and control models 1030

in M3-Agent. For the generated memory graph, 1031

we use M3-Agent’s search function to replace 1032

RAG. Similarly, for Gemini-GPT4o-Hybrid, we 1033

use Gemini-1.5-Pro to generate memory as the 1034

memory model, use GPT-4o for control, and still 1035

use M3-Agent’s search function to replace RAG. 1036

A.4.1 Open-source MLLMs 1037

Following the approach in the M3-Agent pa- 1038

per, we use the open-source MLLMs Qwen2.5- 1039

VL and Qwen2.5-Omni to replace the closed- 1040

source MLLMs Gemini-1.5-Pro and GPT-4o in 1041

Section A.4, to ensure a fair comparison, with the 1042

rest remaining consistent as before. 1043

A.5 Streaming Video Models 1044

For the streaming video models, we use the pre- 1045

trained models and default parameter settings 1046

from the official papers. 1047

B Additional Ablation Study 1048

B.1 Effect of Memory Decay Coefficient λ. 1049

As shown in Figure 8, the model achieves its best 1050

performance when the memory decay coefficient 1051

is set to memory decay coefficient λ = 0.1. As λ 1052

increases further, the performance drops to vary- 1053

ing degrees. This indicates that an excessively 1054

large decay coefficient leads to an overly strong 1055

temporal decay effect, causing the model to di- 1056

minish the importance of historical memory too 1057

early. Consequently, the model fails to effectively 1058

leverage long-term contextual information, ulti- 1059

mately degrading its reasoning performance. 1060

B.2 TMR Impact on Video-MME-Long 1061

As shown in Figure 9, consistent with the trends 1062

observed in M3-Bench-robot and M3-Bench-web, 1063

the model’s performance on the Video-MME- 1064

Long dataset significantly decreases when the 1065
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compression ratio exceeds 50%. After introduc-1066

ing the TMR mechanism, the performance degra-1067

dation is effectively mitigated, and even the per-1068

formance at a 50% compression ratio surpasses1069

that at 30%. These results are in strong agreement1070

with the previous experiments, indicating that the1071

TMR mechanism can significantly reduce the ac-1072

curacy loss caused by memory graph compression1073

and retrieve more critical memories for reasoning.1074

C Future Works1075

Future work can further extend the ideas pro-1076

posed in this study. First, this work adopts a1077

unified compression ratio for isolated text nodes1078

and connected text nodes; however, future re-1079

search could explore differentiated and adaptive1080

compression strategies for different node types,1081

so as to better exploit their structural character-1082

istics and information distributions. Second, fu-1083

ture studies may investigate the differential com-1084

pression of episodic nodes and semantic nodes,1085

where episodic nodes primarily focus on specific1086

events occurring in video segments, while seman-1087

tic nodes emphasize general and relatively stable1088

knowledge distilled from these segments. Effec-1089

tively preserving highly discriminative event-level1090

descriptions and critical stable semantic memories1091

during compression is an important direction for1092

further enhancing the expressive power and rea-1093

soning support of the memory graph. In addi-1094

tion, we observe a noticeable redundancy among1095

text nodes in the M3-Bench-robot dataset. Fu-1096

ture work may systematically study the identifi-1097

cation and resolution of redundant or even con-1098

flicting memories in the memory graph, as well1099

as potential memory poisoning issues. By selec-1100

tively removing or correcting unreliable memo-1101

ries, the robustness and reliability of the model in1102

complex streaming video scenarios can be further1103

improved. Finally, reducing the time overhead1104

required for memory graph construction in the1105

early stage is also an important research direction.1106

Future work may explore more efficient memory1107

construction mechanisms to lower the cost of gen-1108

erating memory graphs.1109
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