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Abstract001

Foundation models rely on in-context learn-002
ing for personalized decision making. The003
limited size of this context window necessi-004
tates memory compression and retrieval sys-005
tems like RAG. These systems however often006
treat memory as large offline storage spaces,007
which is unfavorable for embodied agents that008
are expected to operate under strict mem-009
ory and compute constraints, online. In this010
work, we propose MemCtrl, a novel frame-011
work that uses Multimodal Large Language012
Models (MLLMs) for pruning memory online.013
MemCtrl augments MLLMs with a trainable014
memory head µ that acts as a gate to determine015
which observations or reflections to retain, up-016
date, or discard during exploration. We evalu-017
ate with training two types of µ, 1) via an of-018
fline expert, and 2) via online RL, and observe019
significant improvement in overall embod-020
ied task completion ability on µ-augmented021
MLLMs. In particular, on augmenting two low022
performing MLLMs with MemCtrl on mul-023
tiple subsets of the EmbodiedBench bench-024
mark, we observe that µ-augmented MLLMs025
show an improvement of around 16% on aver-026
age, with over 20% on specific instruction sub-027
sets. Finally, we present an qualitative anal-028
ysis on the memory fragments collected by029
µ, noting the superior performance of µ aug-030
mented MLLMs on long and complex instruc-031
tion types.032

1 Introduction033

An overarching goal of Embodied AI is the devel-034

opment of a generalist agent that can perform con-035

sistently well with high success on diverse tasks,036

environments and instructions (Szot et al., 2025).037

A common paradigm to achieve this has been to038

utilize foundation models to develop task solv-039

ing frameworks (Mu et al., 2023; Yang et al.,040

2025). While a few of these methods general-041

ize well to diverse tasks and instructions (Driess042

Figure 1: Overview: We present MemCtrl, a novel
memory filterting scheme to improve decision mak-
ing performance on small MLLMs tackling embodied
tasks. Our approach proposes a trainable memory head
(green box labeled “Memory”) that learns to actively
filter out redundant observations on-the-go. This form
of active filtering alleviates issues with inefficient re-
trieval from stored observations, while also enabling
scalability as a detachable memory head.

et al., 2023; Zawalski et al., 2024), they are con- 043

strained by high training costs, prohibiting them 044

from quickly being able to adapt to novel real- 045

time settings where the data is out of distribution. 046

Further, finetuning large foundation models incurs 047

significant computational capacity, proving to be a 048

significant hurdle in the democratization of these 049

methods (Liang et al., 2022), especially in the con- 050

text of robotics, where computation on the edge is 051

of vital importance. 052

An alternative, more feasible paradigm has been 053

a modular system where foundation models are 054

used in conjunction with memory banks (Zhong 055

et al., 2023; Wang et al., 2024) of past expe- 056

riences and reflections. Foundation models in- 057

cluding very large Multimodal Large Language 058

Models (MLLMs) such as LLaMA 4 (Touvron 059

et al., 2023) and Deepseek V3 (DeepSeek-AI 060

et al., 2025) are limited by the size of their con- 061
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Figure 2: Comparison with Prior Work: We present MemCtrl, a novel approach to train “memory heads” to
filter observations on the go. Prior work either used the entirety of stored observations as context (left) or filtered
them via a variety of Retrieval Augmented Generation (RAG) based schemes (red arrows), both of which assume
the parsing of large amounts of data offline. MemCtrl introduces transferrable heads to use on MLLM backbone
(green arrows) to actively filter observations.

text window, and developing methods to refine062

and selectively pass memory as context is an ac-063

tive area of research (Wu et al., 2025). Prior064

work in this area includes use of intrinsic model065

editing techniques for memory injection (Mitchell066

et al., 2022; Meng et al., 2023), or extrinsic inter-067

actions with episodic logs, Retrieval-Augmented068

Generated (RAG) (Gao et al.), or long-range latent069

states (Park et al., 2023; Wang et al., 2023).070

While both paradigms have shown improved071

performance in multi-step reasoning, their imple-072

mentation on embodied robot agents raises practi-073

cal issues. Embodied agents providing assistance074

often use small models (< 20B parameters) that075

work locally on-device, with often limited or only076

cloud access to large memory storage. Moreover,077

these agents need to generalize to novel settings,078

making it preferable to have modular, lightweight079

segments that are easily transferrable.080

To model a more efficient memory frame-081

work for embodied agents, we draw inspiration082

from how humans store memories of experiences.083

While performing various embodied tasks, hu-084

mans do not accumulate every observation for085

later retrieval, but rather learn to actively filter086

out only certain vital fragments that we assume to087

be relevant to our task (He et al., 2025). When088

queried, we reconstruct the missing fragments of 089

memory through commonsense reasoning. This 090

makes us humans highly efficient reasoners even 091

with limited storage. 092

We aim to endow compact embodied agents 093

with a similar ability: rather than relying on 094

large external memory banks or complex retrieval 095

pipelines, the agent must actively learn to store 096

vital memories while filtering redundant ones on 097

the go. Learning this skill across a wide range of 098

tasks would enable scalable self-improvement un- 099

der tight computational and memory budgets. 100

Main Results: To address these issues, we present 101

MemCtrl, a transferrable memory augmentation 102

scheme that aims to improve the embodied deci- 103

sion making performance of small models. Mem- 104

Ctrl introduces a trainable memory head that 105

learns to selectively store memories of importance, 106

increasing both parameter and memory efficiency 107

for self-improving embodied agents. Our contri- 108

butions are as follows: 109

• Active Memory Filtering: We introduce 110

two lightweight memory heads µ trained on 111

top of a frozen MLLM backbone to actively 112

filter observations to determine which to keep 113

and which to discard in memory. Unlike 114

prior retrieval-based work involving filtering 115
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large observational data offline, µ enables the116

MLLM to engage in real-time filtering, which117

is particularly useful in memory-constrained118

settings involving small models.119

• Transferrable Heads: µ is model-agnostic120

and attaches to any off-the-shelf MLLM121

without having to finetune or edit the back-122

bone to remove redundant observations for123

more prudent decision making. This modu-124

lar design allows MemCtrl to transfer across125

embodied setups and vision-language back-126

bones, enabling its scalable transfer across127

embodied agents in diverse settings.128

• Improving Small Model Performance: Fi-129

nally, attaching µ to the worst performing130

agents on the Habitat (Puig et al., 2023) and131

ALFRED (Shridhar et al., 2020) splits of Em-132

bodiedBench (Yang et al., 2025) shows a sig-133

nificant improvement on task performance of134

around 16% on average, while also storing135

significantly fewer observations. This effi-136

ciency makes MemCtrl favorable for real-137

world deployment.138

2 Related Work139

2.1 MLLMs in Embodied AI140

Several works in recent literature have lever-141

aged large language models (LLMs) for high-level142

robot planning. For example, Ahn et al. (2022)143

introduce a framework (SayCan) where an LLM144

translates natural-language instructions into feasi-145

ble robot actions constrained by a set of learned146

skills. This approach demonstrated that LLMs can147

provide semantic task knowledge, but it relies on148

a fixed library of affordance-grounded skills and149

struggles with adapting to novel situations. Re-150

cent multimodal LLMs extend this idea by directly151

integrating visual inputs. For instance, PaLM-E152

(Driess et al., 2023) is a vision-language model153

that outputs robotic actions, achieving good gen-154

eralizability across manipulation and navigation155

tasks. However, PaLM-E requires a lot of train-156

ing data, limiting its real-time adaptability. Sim-157

ilarly, RT-2 (Zitkovich et al., 2023) augments a158

vision-language model with web-scale pretraining159

to create a vision-language-action (VLA) agent for160

improved zero-shot object understanding. How-161

ever, it makes use of short temporal contexts with-162

out an explicit memory mechanism. In contrast,163

our work uses an MLLM as an active memory164

controller, enabling the agent to retain and re- 165

call cross-modal information over long horizons. 166

Our design empowers embodied agents with small 167

models to handle complex, extended tasks without 168

requiring large-scale training. 169

2.2 Memory-Augmented Agents 170

Recent works have explored augmenting LLM- 171

based embodied agents with memory to address 172

challenges with long-horizon task solving. Mai 173

et al. (2023) propose using an LLM itself as a 174

‘robotic brain’ that maintains an egocentric mem- 175

ory of the agent’s observations and dialogue. Their 176

system shows that a textual memory stream can 177

help the agent refer back to important context, im- 178

proving consistency in multi-step tasks. Another 179

approach is to attach an external memory to the 180

agent. In the HELPER framework (Sarch et al., 181

2023), they maintain a repository of dialogue-to- 182

action examples, retrieving relevant past interac- 183

tions to condition the LLM when parsing new in- 184

structions. They show that dynamic memory of 185

prior events or user preferences can overcome the 186

limitations of fixed prompts or short context win- 187

dows to improve task completion success. How- 188

ever, this still relies on a separate module for popu- 189

lating memory, with the foundation model having 190

a passive role. In contrast, our work introduces 191

a framework that enables the MLLM to actively 192

control what and what not to store in the agent’s 193

memory. Figure 2 highlights this idea. The Mem- 194

Ctrl module takes in the embedding of the cur- 195

rent observation from the MLLM and determines 196

whether or not the observation should be stored. 197

3 MLLM-based Embodied Agents 198

LetM be an MLLM, Oc be the current observa- 199

tion, and I be the instruction. A baseline method 200

utilizes M to translate the observations and in- 201

structions into actionable outputs for the agent as 202

follows: 203

a =M(Oc, I), 204

where a ∈ A such that A represents a set of fea- 205

sible actions for the agent in the environment. Us- 206

ingM as a prior in this “zero-shot” manner leads 207

to subpar performance, since the agent does not 208

have any continual context of the environment, 209

and takes actions solely based off of the current 210

image observed and its capacity for commonsense 211

reasoning (Dorbala et al., 2022; Majumdar et al., 212

2022; Gadre et al., 2023; Shah et al., 2023). 213
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3.1 Memory-Augmented MLLM Agents214

One way to improve zero-shot performance ofM215

is to provide continued context to the agent as a216

set of past observations, i.e., {Oc, I, C}, where C217

is the context passed toM:218

C = {Ri,Oi}i:1→n.219

Ri and Oi respectively represent the ith reflection220

and observation in n timesteps.221

EmbodiedBench (Yang et al., 2025) highlights222

that adding history as context greatly influences223

performance, particularly when it comes to em-224

bodied tasks involving long-horizon instructions.225

Further, they highlight benefits to adding memory226

in the form of agent reflections, where the agent227

reflects on its past interactions with the environ-228

ment to refine its future plan.229

While adding history improves zero-shot per-230

formance, M is limited by a context window h,231

and n < h. To circumvent this issue, several ap-232

proaches explore retrieval pipelines to compress233

memory to obtain context c = F (C, I) forM. F234

here is retrieval function that selects the most rele-235

vant parts of the whole context given an objective,236

which in this case is the instruction I.237

Inefficient Retrieval: In alignment to other re-238

ported results (Liu et al., 2024; Packer et al.,239

2023), we similarly observe that as the size of con-240

text n = sizeof(C) increases it leads to more241

inefficient retrieval, especially since we are lim-242

ited by a context window of size h << n. Robot243

agents running in the wild often collect observa-244

tions at high frequencies (> 1 observation per245

second), which quickly increases the size of n.246

Further, having redundant observations in memory247

only adds to this issue, prompting the development248

of better strategies for write-time memory control,249

especially on small models.250

To achieve such active memory control, we pro-251

pose MemCtrl, a learnable memory augmentation252

scheme that allows active write-time memory con-253

trol on the modelM. We describe this in the fol-254

lowing section.255

4 MemCtrl: Training Memory Heads (µ)256

To achieve write-time memory control, we con-257

sider three natural augmentations toM, illustrated258

in Figure 3. Our objective is to improve de-259

cision making on small visual-language models,260

which also translates to small context windows261

Figure 3: MemCtrl: We experiment with 3 augmenta-
tions. The simple case acts as a non-trained baseline,
where the MLLM is directly queried about storage. In
the offline supervised case, µ is first pretrained using
expert answers from a high performing, expert MLLM
(GPT-4o here). This trained binary classifier then acts
as a head on top of the MLLM backbone. In the Online
RL case, we train the memory head online as a policy
network. We use a sparse reward on task success and a
dense reward on action success. Note that MemCtrl is
trained as a detachable head that takes the visuolingual
MLLM embeddings as input.

C’s, by empowering them to better filter observa- 262

tions prior to storing them in memory. 263

Filtering observations in this way fully avoids 264

the problem of inefficient retrieval described in 265

the previous section, since the agent’s context is 266

now driven by its own decisions, much akin to hu- 267

mans deciding only to remember moments of im- 268

portance that might be meaningful to them in the 269

future. 270

For this, we propose a trainable memory head 271

µ as a simple binary classifier that learns to either 272

keep or discard memory. µ integrates with theM 273

backbone, to make decisions online about whether 274

or not to store the current observation. Following 275
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on the our definitions so far, we get276

c = F (C, I),
a =Ma(Oc, I, c),
b =Mµ(Oc, I, c).

(1)277

where b ∈ {0, 1} is a binary classifier that deter-278

mines if the current observation must be added or279

discarded. The updated context, C ′ can then be280

written as,281

C ′ =

{
C ∪ {(Oc, a)} b = 1,

C otherwise.
(2)282

We consider 2 ways to integrate µ ontoM:283

• Offline, Fully-Supervised: We first gather284

offline data from a high-performing M285

treated as an expert. Using the gathered neg-286

ative and positive samples, we train µ offline287

as a binary classifier to determine which ob-288

servations led to success and which led to289

failure. We transfer this pretrained memory290

head onto a low-performing modelM, as an291

expert supervision gate. We train the network292

with a binary cross-entropy loss function:293

L(y, p̂) = y log(p̂)+(1−y) log(1− p̂), (3)294

where yi ∈ [0, 1] is the ground-truth label295

and p̂i is the predicted probability from µ296

of whether the current observation should be297

stored.298

• Online RL: We directly train the memory299

head and the action head via an online RL300

policy. We model two rewards: 1) a sparse301

reward for episode success, and 2) a dense302

reward for picking valid actions:303

R(r, a) = r + 1a∈A, (4)304

where r ∈ {0, 1} is the binary reward sig-305

nal for task completion, and 1 is an indica-306

tor function. In our approach, r = 0 for all307

steps except for goal-completing ones. These308

reward functions ensure that µ picks helpful309

observations and the action heads make valid310

decisions.311

In both these cases, the memory head µ empow-312

ers the MLLM to play an active role in filtering313

observations, as highlighted in Figure 3. Further,314

µ is a head, and can be transferred across arbi- 315

trary MLLMs helping alleviate the cost of directly 316

finetuning MLLMs. Algorithm 1 and 2 in the Ap- 317

pendix present the details of our algorithm for the 318

supervised and RL variants, respectively. 319

5 Experimental Setup 320

Datasets. Our objective is to improve the perfor- 321

mance of an MLLM by augmenting it with a mem- 322

ory head. For this, we choose EmbodiedBench 323

(Yang et al., 2025) as a benchmark for evaluation, 324

since it provides us with tools to automate embod- 325

ied task evaluation on both ALFRED (Shridhar 326

et al., 2020) and Habitat (Puig et al., 2023) simu- 327

lators, making it easy to evaluate the performance 328

of multiple MLLMs on various tasks. We modify 329

this evaluator with memory heads for our task. 330

LLM backbones. To showcase improvement, 331

we choose two low-performing models on Embod- 332

iedBench, Qwen2-VL-7B-Ins and Gemma-3-12B- 333

IT aiming to showcase an improvement in perfor- 334

mance when augmented with MemCtrl. We run 335

all models locally on a NVIDIA A5000 GPU. 336

Baseline: Simple, In-Context Learning. We 337

prompt M for a binary output on whether or not 338

to store the current observation in its memory. We 339

do not train a memory head here, but ablate with 340

combinations of µ andM. 341

Memory Heads. Both µ’s are paramterized as 342

Linear MLP’s with 3 layers, that map the back- 343

bone MLLM’s embedding to a binary output. 344

For the offline, supervised µ, we first gather ex- 345

pert data using a high performing MLLM, GPT-4o 346

which gives us a set of X = [x1, x2, . . . , xn] em- 347

beddings per episode mapped to a binary episode 348

success or failure l, giving us [n, 1] training pairs 349

for each episode. We ensure balancing of the 350

dataset with negative and positive samples and 351

then train the MLP to overfit using a cross-entropy 352

loss. 353

For the online µ, we similarly define an MLP 354

as the policy network that predicts a binary out- 355

come. We define a sparse and a dense reward as 356

described in the previous section, and train using 357

REINFORCE (Williams, 1992). 358

6 Results 359

Table 1 presents the main results, showcasing the 360

benefits of MemCtrl across two different LLM 361
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Model EB-ALFRED EB-Habitat
Avg Base Common Complex Spatial Long Avg Base Common Complex Spatial Long

Gemma-3-12B-IT 25.6 32 26 38 20 12 23.0 58 10 24 24 4
Gemma-3-12B-IT + µSimple 28 41 27 34 16 22 31.2 62 15 30 31 18
Gemma-3-12B-IT + µOffline Sup. 32.2 48 31 32 23 27 31.8 66 14 35 27 17
Gemma-3-12B-IT + µOnline RL 27.8 38 29 41 21 26 33.8 60 13 37 35 24

Qwen2.5-VL-7B-Ins 4.7 10 8 6 0 2 14.3 32 2 26 14 2
Qwen2.5-VL-7B-Ins + µSimple 9.6 15 10 12 2 14 21.4 39 10 31 14 13
Qwen2.5-VL-7B-Ins + µOffline Sup. 12.2 9 10 14 2 26 22.8 39 5 33 17 20
Qwen2.5-VL-7B-Ins + µOnline RL 14.2 10 13 21 3 24 22.2 37 3 37 16 18

Table 1: Results: We augment Qwen2.5-VL-7B-Ins and Gemma-3-12B-IT with the 3 variations of MemCtrl on 5
subsets of EB-ALFRED and EB-Habitat (Yang et al., 2025). Note the improve performance overall of adding the
memory head µ. In particular, we note superior performance on long context and complex instructions, which tend
to be long horizon where memory helps. Performance on Habitat is also much better than ALFRED overall, hinting
that navigation heavy tasks that are common on the Habiat dataset might benefit from memory augmentation more
than manipulation ones common in ALFRED.

backbones, Gemma-3-12B-IT and Qwen2.5-VL-362

7B-Ins. We pick these two models as they perform363

among the worst on the EmbodiedBench bench-364

mark, aiming to show improved performance with365

the inclusion of our memory head.366

Increased Performance with µ. The overall367

performance improves across EB-Alfred and EB-368

Habitat with adding any type of memory head µ.369

This is expected, since any form of memory pro-370

vides continual context that is more meaningful371

for the MLLM.372

In particular, we observe huge improvements on373

Long instructions, with results on Gemma-3-12B-374

IT bumping from 12 on the baseline to 26 with the375

µRL augmentation, and Qwen2.5-VL-7B-Ins go-376

ing from 2 to 24. We believe this to be a result of a377

more strategic memory storage needed for longer-378

horizon tasks, like with EB-Habitat.379

We also observe an overall improvement in the380

task performance on complex instructions, where381

the instructions are not just long, but also contain382

irrelevant information. This is very evident with383

the Qwen model, where it goes up 3x from 6 to384

21. For instance, the following is the difference385

between a base and complex instruction:-386

Base: “Move one of the pear items to387

the indicated sofa.”388

Complex: “When you find the fridge389

door open, go ahead and move an bowl390

to the sofa; otherwise, transport an ham-391

mer to the sofa.”392

The agent is expected to finish these tasks in a393

fixed set of timesteps, and over time, gathers more394

and more information about the environment as395

potential context for determining its next action.396

The base query here is fairly simple, requiring to 397

track just a single object (‘pear’). In contrast, the 398

complex query not only has multiple objects to 399

track (‘fridge, sofa, bowl, hammer’), but is also 400

sophisticated in its framing, requiring better rea- 401

soning. While more context would help with bet- 402

ter reasoning, it also leads to more redundant in- 403

formation storage, which a trained memory head 404

can help actively filter. 405

Performance across Gemma-3 and Qwen2.5. 406

The baseline performance of Qwen2.5 as reported 407

by EmbodiedBench is far lower than Gemma- 408

3. We note much higher performance gains on 409

Qwen2.5 compared to Gemma-3. Being one of 410

the worst performing models on EmbodiedBench 411

due to it’s small size, adding a lightweight µ for 412

active memory control bumps its performance up. 413

Qwen2.5-VL + µRL is comparable to Ovis2-16B, 414

a model with over twice the number of parameters 415

that had 16% on the original benchmark. 416

Alfred vs Habitat: Finally, we also notice better 417

performance on Habitat overall compared to Al- 418

fred. Tasks in habitat tend to be more navigation 419

centric, requiring more long-horizon planning. In 420

contrast, Alfred focuses more on reasoning on cur- 421

rent observations for manipulating objects. We in- 422

fer that memory filtration is potentially more im- 423

pactful on long-horizon navigation tasks, since it 424

helps reduce redundant frames gathered. 425

7 Qualitative Analysis 426

Figure 6 in the Appendix shows a qualitative ex- 427

ample of MemCtrl in action. 428
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Figure 4: Long Horizon performance on EB-Habitat: We notice that on long horizon tasks, the expert tends
to end the task early by hastily assuming that it is done (finishing after placing one plate instead of all plates).
Memory heads highlight unique performance improvements, with µRL exhibiting a more exploratory nature by
continuing to place new objects at the right counter, and µExp. being more exploitative by repeating the same
activity over and over, with a single plate. Note: Grayed out images indicate discarded memories.

7.1 Visualization429

Figure 5 and Figure 4 compare a base and long430

episode, using GPT-4o and Qwen with and with-431

out memory. Note Qwen performs poorly on the432

EB-Habitat baseline, with only 14.3% average vs433

GPT-4o that has 59%. Augmenting Qwen with434

a lightweight memory head µ bumps this up to435

around 22%, both in the case of µRL and µExpert.436

In the base case, note the good zero shot perfor-437

mance of the GPT-4o agent in being able to com-438

plete the task. The complete memory agent how-439

ever shows an invalid action after the first step, and440

this is also seen with the case of Qwen + µExpert.441

However, with Qwen + µRL note the improved442

performance in being able to complete the task in443

fewer number of steps. Qwen is a much smaller444

model than GPT-4o, and with a small memory445

head augmentation, it is able to perform at par with446

its GPT-4o counterpart.447

In the long horizon case, we make a few inter-448

esting observations. First, none of the 4 meth-449

ods seem to be able to successfully complete the450

task. The instruction requires all plates to be trans-451

ported to the right corner, requiring long-horizon452

task planning to keep track of which instances of453

plates have been moved. 454

• The zero-shot expert assumes that the task 455

has ended after transferring the first plate, and 456

hence sends no executable plan after being 457

done. This stops the episode earlier than ex- 458

pected, hence failing the task. 459

• In the complete memory case, the agent is 460

overloaded with too many experiences from 461

the past in its memory, and this floods the 462

MLLM with too much context, leading to a 463

bad action being selected (navigate to the re- 464

frigerator). 465

• In the Qwen + µRL case, the agent success- 466

fully places one plate from the sink onto 467

the right counter. While not ending the 468

episode early like with the expert, it contin- 469

ues to place other objects including apples 470

and wrenches in the vicinity to the right, ul- 471

timately running out of timesteps. This be- 472

havior can be associated with more active ex- 473

ploration, as the agent seeks to explore new 474

directions to complete the instruction. Note 475

that the memory head filters out most of these 476

extraneous observations (images in gray). 477
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Figure 5: Base Performance on EB-Habitat: Here, we compare the performance of GPT-4o vs Qwen2.5-VL-7B-
Ins, with various memory augmentations. While GPT-4V gives superior zero-shot performance, it is a very large
model that is not easily finetunable. In this instance it also takes more steps to complete the task. On the other
hand, µ boosts the performance of a significantly weaker model, and in this scenario, even doing it quicker with
µRL. The expert head fails here however, similar to the complete memory, causing the episode to end early. Note:
Grayed out images indicate discarded memories.

• In the Qwen + µExpert case, we observe the478

opposite behaviour or exploitation, where the479

agent just starts to repeat the same activ-480

ity over and over again. It navigates to the481

sink, picks up a plate, transfers it to the right482

counter, then goes back to the sink, and so483

on. This form of exploitative behavior seems484

desirable, especially since the agent is tasked485

with transporting all plates to the sink. The486

expert memory head as a result decides to487

keep almost all of the observations, as the488

agent keeps doing the right thing in following489

the instruction. However, as the same plate490

is constantly being moved, it highlights a lim-491

itation of the expert memory head in being492

too conservative with classifying significant493

memories.494

8 Conclusions 495

In this work, we present MemCtrl, a lightweight, 496

transferrable memory framework that introduces 497

a memory head µ on a backbone MLLM to ac- 498

tively filter memories of importance. Instead of 499

editing the MLLM directly or using external re- 500

trieval methods like RAG, µ is trained as a binary 501

classifier decide whether or not to store current 502

observations on the go. We introduce two ways 503

to train µ, and present a qualitative and quantita- 504

tive analysis of µ-augmented low parameter Qwen 505

and Gemma models. Our results show significant 506

performance improvement of around 16% on av- 507

erage, across ALFRED and Habitat splits of the 508

EmbodiedBench dataset. Further, we note the su- 509

perior performance on instructions involving com- 510

plex or long-horizon language. 511
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9 Limitations512

Our work has a few limitations. The super-513

vised learning method requires expert demonstra-514

tions from a stronger model to understand which515

observations contribute to success, and the RL516

variants suffer from the inefficiencies that come517

with sparse reward structures. Future work could518

look into designing better reward functions that519

can capture the interesting-ness of an observation520

(Gardezi et al., 2021). Furthermore, the benefits of521

MemCtrl degrade over short horizons, suggesting522

a limited need to train a memory head to filter ob-523

servations in more basic settings. Another possi-524

ble avenue we are excited to explore is to incorpo-525

rate audio observations to increase the complexity526

of observations stored. Sim-to-real transfer of our527

work via real world experiments is also a potential528

extension.529
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A Algorithms733

Algorithm 1 Training Memory Heads µ with Of-
fline, Supervised Learning.
Require: Labeled ground-truth expert answers

E = {(yi,OE
i )}Ki=1, Memory HeadMµ, Ac-

tion HeadMa

1: Pretraining µ
2: for i in [1,K] do
3: p̂i = µ(OE

i )
4: Calculate loss L(yi, p̂i) with Equation 3
5: Update µ
6: end for
7: Test-time with trained µ
8: c← F (C, I)
9: a←Ma(Oc, I, c)

10: b←Mµ(Oc, I, c)
11: if b = 1 then
12: C ← C ∪ {(Oc, a)}
13: end if

Algorithm 2 Training Memory Heads µ with On-
line, RL.
Require: Current observation Oc, Instruction I,

Total Context C, Memory Head Mµ, Action
HeadMa

1: c← F (C, I)
2: a←Ma(Oc, I, c)
3: b←Mµ(Oc, I, c)
4: if b = 1 then
5: C ← C ∪ {(Oc, a)}
6: end if
7: Calculate reward with Equation 4
8: Update µ

B Experimental Details734

We train the memory head µ both via offline su-735

pervised learning with an expert, and online RL. In736

both cases, µ is an MLP initialized with 3 layers737

to map the hidden MLLM dimension to a binary738

output.739

Expert, Offline Supervised: Here, we first gather740

a dataset using an expert model that performs741

well on EmbodiedBench. We use GPT-4o for742

this, which has high success rates of 56.3% and743

59.0% on EB-ALFRED and EB-Habitat respec-744

tively (Yang et al., 2025). We gather obser-745

vations, actions predicted, and episode success.746

We use this to create labels for our loss func-747

tion, where if the action predicted was valid748

(last_action_success variable in EmbodiedBench 749

is true) or the episode was successful, we associate 750

the image and it’s visual state description (text) 751

to a positive label, and negative otherwise. We 752

make sure to balance out this dataset for optimal 753

training. We then train µ with the gathered labels 754

as ground truth, and embeddings from the MLLM 755

backbone (Qwen or Gemma) model taking in the 756

image and visual scene description as input. We 757

use a Binary Cross-Entropy Loss with the Adam 758

optimizer. Our learning rate is 1e− 3. 759

RL, Online: Here, we train online using REIN- 760

FORCE. At each timestep, we sample a binary ac- 761

tion from the current policy, which in this case is 762

whether to keep or discard the memory. We then 763

compute the cumulative reward after executing the 764

actions predicted by the action head, and update 765

the policy. To compute the cumulative reward, we 766

use 1) a dense reward from the action head pre- 767

dicting a valid action, and 2) a sparse reward from 768

episode success. Observe that both these rewards 769

are not directly related to keeping or discarding 770

memory, but are instead a result of the agent per- 771

forming expected behavior to improve success. 772

Modeling direct rewards to determine which mem- 773

ory to keep or discard is challenging, as they are 774

tied to the nature of the task. For instance, an 775

observation containing a white wall might not be 776

useful for tasks involving picking up objects, but 777

becomes necessary when it comes to answering 778

questions about the environment. However, given 779

enough training data, an agent can learn about 780

the types of tasks being asked and corresponding 781

memory fragments to keep in order to successfully 782

complete them. This is analogous to a lifelong 783

learning agent that must continually adapt to its 784

surroundings to provide personalized assistance. 785

C MLLM Prompts & Decoder 786

Modifications 787

We modify the base prompt provided by Embod- 788

iedBench with stricter constraints on choosing ac- 789

tions by adding the following: 790

Important Rules: 791

The action_id must be picked from the 792

available ids provided above. 793

Make sure the action_id matches the 794

corresponding action_name. 795

A valid path is guaranteed to exist. If 796

the image does not contain the required 797

object for completing the task, you may 798
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Figure 6: Active Filtering: The transferrable memory head performs active filtering, i.e., filters observations on
the go. The grayed out images represent discarded ones. In sequence 1, notice MemCtrl filters out redundant
images taken at odd angles while the agent looks around. In sequence 2, the agent makes a bunch of invalid
actions in the middle of the sequence, before ultimately completing its task of placing a phone on the bed. These
extra observations are filtered out as an outcome of our negative dense reward on invalid actions. In sequence 3,
notice the repeating pattern towards the end, which starts to get filtered out by µ. In each of these cases, the active
involvement of the MLLM in filtering allows for better write-time memory control.

have to navigate there.799

We also decode by action name instead of ac-800

tion id, and note that this leads to a significant in-801

crease in the number of valid actions taken while802

planning. For instance, Qwen outputs:803

visual_state_description: “The scene804

..."805

reflection_and_reasoning: “The user806

wants ... "807

executable_plan: {51: “pick up the808

hammer", ...}809

We note that the action of “pick up the hammer”810

exists and is valid, but it is linked to a different811

action_id, 28, causing the action decoding to fail812

on the base EmbodiedBench code.813

We speculate that this may be connected to prior814

literature showing that LLMs struggle with multi-815

ple choice selection (Xue et al., 2024; Zheng et al.,816

2024). The action selection of this work can be817

viewed as a multiple choice problem; therefore,818

some of the issues of selecting a natural language819

phrase with an ID can exist here as well. Further-820

more, the action to ID mapping is at the beginning821

of the prompt, and there is research that shows that822

where information is positioned in the prompt af-823

fects reasoning ability (Cobbina and Zhou, 2025).824

Another reason could be that smaller sized LLMs825

are better at generating descriptive language with826

a larger token counts, and lack the capacity for in- 827

teger action mapping requiring consolidation to- 828

wards a smaller token count (Kim et al., 2024). 829

For this work, we modify the decoding func- 830

tion to map the action name instead of the ID and 831

notice improved performance, especially on the 832

Qwen model. Further work could potentially try 833

moving the mapping information to different loca- 834

tions in the prompt. Another potential cause could 835

be prompt length, where irrelevant information or 836

even increased whitespace can degrade LLM ac- 837

curacy, as shown in Du et al. (2025). Reducing 838

the prompt to remove unnecessary whitespace or 839

characters could potentially show improvement in 840

outputting both the correct action name and the 841

corresponding ID. 842

D Analyzing Memory 843

The memory head enables a form of selective 844

memory as an alternative to passing a complete 845

history of observations. To highlight its effective- 846

ness, we perform an ablation with complete mem- 847

ory, where none of the observations are discarded, 848

and all of them are passed back to the MLLM, 849

while maintaining a token horizon to prevent over- 850

flow. Table 2 presents results for the complete 851

memory case on EB-Habitat and EB-ALFRED, in 852

comparison to µRL. 853
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Model EB-ALFRED EB-Habitat
Avg Base Common Complex Spatial Long Avg Base Common Complex Spatial Long

Qwen2.5-VL-7B-Ins 4.7 10 8 6 0 2 14.3 32 2 26 14 2
Qwen2.5-VL-7B-Ins + µComplete 7.8 8 7 18 1 5 8.8 28 0 8 8 0
Qwen2.5-VL-7B-Ins + µRL 14.2 10 13 21 3 24 22.2 37 3 37 16 18

Table 2: Complete vs Selective: We compare the performance of complete memory µComplete where all observa-
tions are passed as context to our best performing selective memory agent, µRL. Note the improved performance of
our selective memory agent, highlighting the importance of being picky about what to store in memory, especially
when model capacity is limited.

EB-ALFRED EB-Habitat
Method Avg Base Common Complex Spatial Long Avg Base Common Complex Spatial Long

Memory Efficiency µE(%) ↓
Qwen2.5 (Baseline, No Mem.) N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
Qwen2.5 + µRL 39.42 35.6 42.8 39.9 38.7 40.1 27.56 39.2 13.7 15.7 22.9 46.3
Qwen2.5 + µExpert 38.66 37.9 40.1 45.6 36.4 33.3 26.38 37.2 10.2 14.8 36.5 33.2
Qwen2.5 + µComplete 100 100 100 100 100 100 100 100 100 100 100 100

Invalid Actions I ↓
Qwen2.5 (Baseline, No Mem.) 3.50 3.1 2.9 4.6 3.8 3.1 3.0 0.5 5.2 4.8 2.7 1.8
Qwen2.5 + µRL 2.22 2.0 1.8 2.9 2.1 2.3 1.36 0.4 3.0 2.4 0.6 0.3
Qwen2.5 + µExpert 2.10 2.7 1.5 2.4 1.8 2.1 1.02 0.6 2.2 1.3 0.6 0.4
Qwen2.5 + µComplete 3.10 2.7 4.2 3.3 2.3 3.0 2.12 1.5 4.6 2.8 0.8 0.9

Table 3: Statistics: Memory efficiency (↑) and invalid actions (↓) across all five splits for EB-Habitat and EB-
Alfred. µE for the expert memory head is slightly better on average, but is much worse on ALFRED. This can be
attributed to tasks in ALFRED being slightly harder than Habitat. µ augmented Qwen models also make lesser
number of invalid actions per episode. Overall, adding a memory head shows significant improvement over no
memory and complete memory baselines.

D.1 Statistics854

Table 3 highlights statistics gathered across all 5855

splits on EB-Habitat and EB-Alfred for Qwen and856

the memory augmentations. We measure the fol-857

lowing across 20 randomly chosen episodes:858

Memory Efficiency E : To determine the effec-859

tiveness of our approach, we compute the memory860

efficiency per episode as,861

E = 1− Number of Memories Kept
Total Steps Taken

862

This gives us the fraction of memories that were863

stored in the memory bank per episode. When864

all the memories have been store, E resolves to 0,865

meaning the agent was inefficient in its memory866

management.867

Invalid Actions I: This is the average number of868

times that the MLLM responds with an invalid ac-869

tion for execution. For instance, the MLLM asks870

the agent to ‘pick up a spoon’, but there is no871

spoon visible in the observation.872

Inferences: The table highlights the improved873

memory efficiency of both our models. In our874

main results table, we noted the improved perfor-875

mance of the online RL memory head on Qwen.876

By multiplying values from that table with the ef-877

ficiency values here, we get a weighted efficiency878

score that aims to capture both success and frugal- 879

ity of memory usage. This can be written as, 880

W(m)b = Succ.(m) ·

(
1−

µ
(m)
E
100

)
, 881

where Succ(m) is the task success (in %) of 882

method m on benchmark b ∈ {Alfred, Habitat}, 883

and µ
(m)
E is the corresponding memory efficiency. 884

We then aggregate this into a single score per 885

method as, 886

W(m) =
W(m)

Alf. +W
(m)
Hab.

2
887

Substituting the values from Table 1 in the main 888

text and Table 2 in this supplementary, we get 889

WExp. = 12.13 and WRL = 10.95, meaning that 890

the expert has slightly better overall weighted effi- 891

ciency. 892

We also note that the invalid actions I are sig- 893

nificantly lower on both our memory heads when 894

compared to the baseline and complete memory 895

approaches. This further highlights the effective- 896

ness of selective memory where µ actively decides 897

to populate the context for the MLLM on the go. 898

Across the 3 sequences in Figure 6, note how 899

our approach actively filters redundant and re- 900

peated observations. A trained memory head can 901
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be transferred to novel settings, learning to distin-902

guish between interesting and non-interesting ob-903

servational data (Gardezi et al., 2021).904
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