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| vin ParN,C

[ Instruction ]
EQREBITIE » VLM » Action/ Trajectory
images

4 Now you are facing towards the wall, slightly turn to your right, you can see a open door to N
your right, exit room through an open door and move forward, there is a wall art to the left

r- side of the wall and few steps in-front of you, walk down the steps and move forward, there
are two black couches to your right, that's your end point.

o J
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4 Now you are facing towards the wall, slightly turn to your right, you can )

see a open door to your right, exit room through an open door and move

r- forward, there is a wall art to the left side of the wall and few steps
in—front of you, walk down the steps and move forward, there are two

\_ black couches to your right, that's your end point. Y,

What does VLM need to learn?

1. Depth estimation: How far is the wall/door?

2. Contextual semantic analysis: What exactly does "slightly" refer to in
terms of perspective?

Long and short memory

4. Action Space

(U]
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| vin ParN,C

[ Instruction ]

$

Egocentric » VLM » Action » RL » Bl
Images Action

Single-System

[ Instruction ]
(Target) (Trajectory)

Egocentric » Latent System- » Excu
images System slow Tokens fast Action

Dual-System




I StreamVLN (Single-System, ICRA2026)
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Vision Encoder

Projector
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-

l.

2.

3.

\correction

\

Long and short term memory
Positioning and planning
navigation capability

Exploration and error

/
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~15m path = ~100 ego-centric frames



I StreamVLN (Single-System, ICRA2026)

0~64

ParN.C

FAttern Rec

ITEELIE'EU 5@%11‘%"67—[ niﬂ

/1. Uniform Sampling \

Memory:
8 history frames
_|_

4 current frames

~4k tokens

\_

2. Voxel-based Cutting

/
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I VLN - Long Term Memory PEIFNEE

Qwen2.5-VL-7B (BF16)

Vision Tower: 640 * 480 image = 46 * 34 patch = 1564 tokens

LLM (after merge): 640 * 480 image = 23 * 17 patch = 391 tokens

KV Cache =~23 MB

Peak Inference Mem = Model Weight + Vision Tower Peak
+ LLM Prefill Peak + KV Cache + Allocator Reserve

|

Hidden + QKV + MLP = 100-300 MB / frame



I VLN — Long Term Memory ParN E

sziLLU%U'ﬁTEH*%L‘I'EﬁHnﬁE

Qwen2.5-VL-7B (BF16): 10 v.s. 100 frames

Time of First Token (TTFT) Time Per Output Token(TPOT)

/ Vision Tower: 10x \ / KV Cache: 10x \

LLM Prefill: ~90x

New Token Query (1 x d)

X

N =num frames * 391 + text tokens
- - KV Cache (d x N)

Self-attn: O(N”2 - d)

K Compute-bound / \ Memory-bound /
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I GPU Memory Hierarchy FEIFNP_E

Core Core

L1 Cache L1 Cache

L2 Cache L2 Cache

L3 Cache
DRAM
CPU

L2 Cache
GPU

The GPU Devotes More Transistors to Data Processing

L2 Cache (40 MB in A100)

https://docs.nvidia.com/cuda/cuda-c-programming-guide/
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I DecoVLN (Single-System, CVPR2026) ParN E

LY ! ’
Reason-@®:
. Reason e Correction Path =
- Action Chunk
| Observe m=mm Exploration Path ction C u/S_\

Vision Tower S [ Large Language Model ‘ J
g lmVis
Flalat I lala * &
‘Sim&,,,, Simg,,, AMR [ Tokenizer ] [ Projector @, ]
— 1 :

Memory Bank M ! ]

00000

k.- Instruction / '

| ttt
\\I.n-zuctior}} D D D M

\
(&)
o
B
— 5
o m
X S
D t
>
wn <
i
m
=

https://allenxinn.github.io/DecoVLN
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I DecoVLN (Single-System, CVPR2026) ParN [:

Consider long-term memory as an optimization problem.

Sim,, S L P ( embed( f) - embed(m) )

D mlmE Y gy M= S8 Tlembed(f) [ lembed (m)]

Sim Sim,, . Si
em em 1Mgem I) = sim(e , €
Memory Bank M sem(f, I) = sim(ey,er) =

000D |
r- Instruction

ef -y
legll [les]

1
mingmem |t7 — tm| + €

SimTemp(f: M) —

= Ar - Simge (f, 1) — (1 — A
f argfl%%[ﬁ iMigesm ( fod) — R)"

("U}V - Slmws(f, M) e i SimTemp(.fn M))]
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| DecoVLN (Single-System, CVPR2026) ParN,C

- y

N N W O W W W W W NN N W

(b) Adaptive Memory Refinement

\

4 Now you are facing towards the wall, slightly turn to your right, you can see a open door to your
y g gntly y gnt 'y P rtoy
right, exit room through an open door and move forward, there is a wall art to the left side of the

"- wall and few steps in-front of you, walk down the steps and move forward, there are two black
couches to your right, that's your end point.

N /
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| DecoVLN (Single-System, CVPR2026) ParN,C

Observe

All hlstorlcal observations

‘ (1) Sample frames

Hlstory Sequence @ ' VLN ' 8 8
= @ Load to VRAW Action Chunk Streaming Paradigm

Visual Tokens

é{Vision Tower] e{ G D D
Update Memory Bankg/

]@

Memory Bank M ¥, O 7%
D000} | = VW =50
Action Chunk DeCOVLN

Reason
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| DecoVLN (Single-System, CVPR2026) ParN,C
DecoVLN

TR T MRS TN SR,

StreamVLN

|| .
I ”\“.ﬁ'

Speed2X
‘ o




Algorithm 1 Correction Data Collection

I DeCOVLN (Single'SyStem, CVPR2026) Require: Initial policy mg, expert policy 7*, dataset D =

{(Pi_,,I")},, deviation threshold 7

exp? t=1+
Ensure: Correction dataset D,
D+ > Initialize correction datase
2. for all episode (Puxp, ) € D do
3 By 85 8 pensBont > Expert reference
4 H+— @ B> Initialize memory stat
5: fort =0to T, do
6: DM <+ ming.cp,_ d,4(5¢,5") > Compu
7: if 0 < Dil-i(st] < 7 then
1. Expert Dataset: R2R, RxR (Stage 1) & aS® ¢ 7% (5¢, Poxp)

D. + D . U{(st,a:", ft)} b Store exper

2. Collect correction data using stage 1 model o releedbiiitedesarHhen

1
Fi: break © Abort episode

3. Multi-Mode Dataset: Correction data + MM Datasets 12: end if
13: az ~ mg(ft, 1, H) > Roll out current policy
14: st4+1 < Env.Step(a;) > Environment state
15: fi+1 < Env.Observe(s;41) > Acquire nex
16: H «— AMF(H, fi41) & Adaptive memo
17: if target reached or episode failure then
18: break t> Terminate episod
19: end if
20: end for

21: end for
22: return D,
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I IDEAL-VLN (Single-System) ParN.C

Think & ~ /[Act s

QwenVL-7B

-

Vision Encoder

11

Large Language Model ‘T y .
Action Alignment

ﬂ ullerarchlcal Correctlorﬂ ﬂ EH4|L=S=£)=P(4|L=S)§
| 5

Tokenizer J

hllll

A~B(AL.S.P.)

Go across the next room \ 5
and enter the door ’ \ S e
straight across. .

Action4,

Information Bottleneck S,

Global Instruction L 7 — — - — - = — — — = 7[ - = ——k— E@ Entropy-based Trigger ]

- EE EE EE O EE I EE e I S I I IS D S Ean SEE SEE DEn BN Ean BEm SN BN DN Bam GED DEn BEm SEm ENE BaE DEE SEN NN NN BEN Em S EEE INm BN DEN DEN ENm EEm EEE EEm EEm EEm I mm

1
n ._- Global Instruction turn to your left and exit the room. Go across the next room and enter the door straight across.
a .

- s m En D Em D D DEe D DEm Eaw Em Emm B

Stop once you enter the bathroom door li
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I IDEAL-VLN (Single-System) PFarN.C

4 Now you are facing towards the wall, slightly turn to your right, you can see a open door to O
your right, exit room through an open door and move forward, there is a wall art to the left
side of the wall and few steps in-front of you, walk down the steps and move forward, there

are two black couches to your right, that's your end point.

N /

Y Rule-Based Split (word count or period)
Y Text Analysis and Split

Y LLM-based Split
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I IDEAL-VLN (Single-System) PEIFNP_E

e
70 79 0 Similar Accuracy, ~30x Less Params 80.7

< 60-

2

£ 501 42.6

3 38.6 O

< 40 32.1 A  Baseline (StreamVLN)

274 27.9 @ Qwen2.5-VL Series

30 O *  Ours (Qwen2.5-VL-7B)
20 - [0 Qwen3-VL Series

3B 4B 7B 3B = T2B 235B
Model Parameters (Log Scale)

The existing models cannot comprehend the relationship between instructions and ego-

centric 1mages.



I IDEAL-VLN (Single-System)

Thinking

Thinking Overhead Masked by Motion

ParN.C
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1
One Step

Existing Paradigm

I
I
| |
I
I
/

IDEAL-VLN

Faster!
Method Input tokens Prefill Time(ms) Steps/ Episode
Vanilla 7k 1625 21
Ours (Think) 7k 1832 5
Ours (Act) 2k 462 21
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| Dual-System VLN ParN,C

[ Instruction ]

4L (Target) (Trajectory)
Egocentric » VLM Latent System- » Excu
images (System-slow) Tokens » fast Action

/ N

Only responsible for generating navigation Convert the image coordinate into an
points (image coordinate system) executable trajectory

VLM is action-independent
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| DualVLN (CLR 2026) ParN,C

ooooooooooooooooooooooooooooooo

30 Hz » Pixel Goal Token

_______ - Language Token
i guag

: System 1 |3 Latent Plan Token

;§§§= Latent Query

1.3B World Model

’l |'" D lj Predictive Features

| 30 Hz Trajectories (2»,@
* ’ .
s t 2 SYStem 1 Low-Level
N ys em ® Controller
£.0. L o . Action
= Reasoning & Planning S Bl : ‘,@
History RGB Obs. i irusion Folic s 2
T IR TS 7B Pretrained VLM Y R/
¢ Exit bedroom. walk /
- straight, turning right _ High-freq Predictions %@
. at stairwell and enter J
. bath the left.
sinl -Dn.-e-c- et PixelGoal@ Language (Z)
Instruction '
Q: What is on
your right? ese
-
A: A cabinet

Robot State




| OmniNav (ICLR 2026)

9 Tokenization Text Tokens:

Q Coordinates BEV
[(¢1, y1). (%2, B : MLP
fg}, ] Of’ : X . ;
Sub-goal - :
; : Coordinate
Coordinates Unexplored Frontiers Tokens

& Fast Thinking System

®-Prompt
<Object-Goal>
“Search for an instance of
dishwasher within this space”
<Instruct-Goal>
“Go down the stairs turn
left and go up the
stairs .....Wait near the sink.”
<Point-Goal>
“Given past <coordinate> and
<image>, predict the next 5
waypoints."

sr Thinking

Analyze: The model analyzes the environment

to determine the next action.

Case 1 (Target Not Visible): From frontier, th
optimal high-level subgoal is at <coordinate>.

Case 2 (Target Found in Memory): The target
(high-level subgoal) is found at <coordinate.

Spatiotemporal Image
sampled images Tokens

: @Sluw Thinking System

]

: ® Prompt

E Move to the nearest

i <Goal>, thenstop. —» VLM|

| e Vision Input

1

E Q@ Coordinates

]

]

Global Planning Stage xN
VLM | The VLMs in the fast and slow systems share the same parameters.

I
e

VLM

|

<Point-Goal>
“Given past

<coordinate>
and <image>,
predict the

next 5

waypoints.”

Local Path Planning Stage xN

ParN.C

[
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Low-level Waypoints
(1,2,15°,02) ..(1, 6, 43°,0.3)]

e’

. Cond T A
i Dif fusion
. Policy Head
vK‘ *' Head T
Feats Nosie
—_— 1
;
Low-level !
& Waypoints!
= [VLM|=> Head —> [(1, 2, !
He0d T500.2), .
(1,6, !
43°,03)] |
I
i
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I Dual-System VLN PEIFNP_E

1. Joint training of the two systems is challenging

2. Incorrect navigation points may cause trajectory errors
3. Only available for specific robots

4. Very, very expensive
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| Dual-System VLN ParN,C

A joint training scheme is particularly critical for Vision-and-Language Navigation (VLN), which requires strong general
knowledge and semantic understanding, leading to substantial improvements in success rates in open environments.

Stage 1 is trained with 96 NVIDIA H20 GPUs for 120 hours, and Stage 2 is trained with 64 NVIDIA H20 GPUs for 48
hours with lower learning rate.

-- OmniNav

18000+ H20 hours
Dual-sys Training Cost: 15W+ RMB

Reproduction is extremely time-consuming

DecoVLN/ IDEAL-VLN: ~ 3k RMB
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I Depth Encoder-based Sys PEIFNP_E

JanusVLN (ICLR2026)
Instruction: Turn ﬁ? Actiaiis
=" right and walk towards =% Large Language Model [—
i 0060
—b Attention Fusion — Attention Fusion
L t L A ‘
Frinsaliuinia,, W——=  gessasay (0 A B i e, PR p
- i — i e ) = L, ' = LY, '
Sliding Window Initial Window g .| Initial Window Sliding Window
. & \_
_ ‘ Dual Implicit .
2D Visual Semantic Tokens Memory 3D Spatial Geometry Tokens

—[ 2D Visual Semantic Encoder 3D Spatial Geometry Encoder

%
)

. : Physical
World
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I Depth Encoder-based Sys PEIFNP_E

Depth » Single/Dual »
Observation| ENcoder System

- 1

Instruction

Additional depth encoder required
Rely on depth encoder -> poor performance in real-world

Significantly increases computational load and storage overhead
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I Depth Encoder-based Sys PEIFNP_E

Why not use real depth map?

Depth map by realsense camera DepthAnything



I AgentVLN

Observation:[ i }» Action Chunk
Instruction Q O O ®

(a) Single-System

}

t

Instruction

(c) Depth Encoder-based System

BEIGHAISHLEIT 87
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ParN.C

| v

e . Trajectory
Observatiorz[ VLM }’[ Dgfﬁgn }. Q 3
Instruction ens?

(b) Dual-System

Depth Single/Dual
Observatio:[ Encoder }»{ System »

Observation VLM Fine-grained Actions
q v L Trajectory
Instruction " O‘Q Skills Map

(d) AgentVLN

https://allenxinn.github.io/AgentVLN
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| AgentvLN ParN,C

VLM Fine-grained Actions

Observation

g & ‘ =Y / Trajectory Q=
_ \ \
Instructi Q
nstruction oa — [ Map Uld
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AgentVLN PFarN.C

TODO

Quadrotor




| AgentvLN

NSHE, KEEN! AgentVLN: BERENT—HEISMHEHTE
38

AgentVLN-3B QD-PCOT
v N S e

Skill Library

Planning Perception 7, © rerception skills catling
e J

S ( The sofa is 3.5 meters J

(gay)

[ ]
» . Target: <382,418>
Faasibla Waypoints
— e =  Planning Skills Calling

Global Planning
L

Obstacle Avoidance

Global Path Navigation Local Target Localization Context-Driven
Fine-Grained Strategy

Iimage
mag Mase,

52 T —2, a,~z,(al H,0,,T)

Walk into the kitchen area. Walk around the cormer and to the right passing by the table. Walk into the open room with the
circular side table with a potted plant. Walk into the reom and step right. Stop behind the couch.

* {E&: Zihao Xin', Wentong Li%*, Yixuan Jiang', Ziyuan Huang', Bin Wang?, Piji Li', Jianke Zhu®, Jie Qin

! Shengjun Huang!
e B 'BEREMEAS, AHEAE, NI AE
e {BMHRRE: AgentVLN: Towards Agentic Vision-and-Language Navigation
o GMHEEE: https:/arxiv.org/abs/2603.17670v1

o {CESEERE: https://github.com/Allenxinn/AgentVLN

10k + views, 1k+ shares

ErURAISmLE+ S5
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ParN,C

AgentVLN: Z2"BESM”, BEARSURIESSMhHER!

el E—E5n BEBEEEZ O TechDaily 202

SETAER, £ B—ESBR 02

BBEgerTechDaily
BEEET OEASEEES, BaREENCR ~
A27TRIREIARE

inlFy: BERIESSMEAEEEERNSLAM, REXSTSLAMEEER?

TESHREIMFARET, MREE=SM (VIN) 2REkEEps: TEE)NAE EERE
BEMEE —NAIIEFEREN, SEERESIES, RN B EREAIEZNE TS

i, MIESESMHERE (VIM™) SE_H5E IR FRIILIEARES, AR S =12 /E AT/,
2D-3DFEFiFE . HEERERMAGEI, LVINRRLILEiFEEE,

eiucton 7 g, AgentVLN-3B gl

S How far is the sofa <355,
N i . & s 380> in front of me?
Skill Library
i

Perception

© Perception skills Calling

Planning -erm

|
R | | (__sackProjection ) byl Siets
- ———
Back-Projection Gl S
| f The sofa is 3.5 meters
I D (o s sog) | (e o ol
| e eoe
| D, : B L Target: <382,410>
N 7 Obstacle Avoidance Feasible Waypoints m
? planning Skills Calling

b
Global Path Navigation Local Target Localization Context-Driven

Bl M clnd Cbombncns




| AgentvLN

sedethat “ESEISE BHESH? AgentVLN TGS
=SSR

o+

= {E#&: Zihao Xin, Wentong Li, Yixuan Jiang, Ziyuan Huang, Bin Wang, Piji Li, Jianke Zhu, Jie Qin,

Shengjun Huang
= B BERERRE, WERAE, mIE
= EX{FReE: AgentVLN: Towards Agentic Vision-and-Language Navigation
n (EIEEE: https://arxiv.org/abs/2603.17670v1
= {$FEHEHE: https://github.com/Allenxinn/AgentVLN

LEES]

Instruction T = AgentVLN_3B QD-PCoT

e

Skill Library

=

/ Planning ¥, Perception 7, . @ perception skitls catting

( e
| Back-Projection = Global State S|
== fi 9 e
ﬁ' [mcremental Exploration Map)

|

| & |

| |

| |

1E e

| | S e9» e 00

N J | | [ emcepeciame |
e N

Global Path Navigation Local Target Localization Context-Driven
Fine-Grained Strategy

a,~r,(a H.,0,,T)

/ The sofa is 3.5 meters
\

in front of you

B instruction T Walk into the kitchen area. Walk around the comer and to the right passing by the table. Walk into the open room with the
- circular side table with a potted plant. Walk into the room and step right. Stop behind the couch

MISESSAT (VLN) EREERESMESIESTERAME T TIRIEESH,. A, WERREZ

\ How far is the sofa <355,
& ‘ L 380> in front of me?
>

Target: <382 410>
m Planning Skills Calling

& Duplicate B Data 5tudio

n and planning via a

s of 3D physical

BIUHASHLE T EiR7E

FAttern Recognition and NEuwral Computing

ParN.C

¢ Edit dataset card

Downloads last month 830

215 GB
Paperfor allenxinn/AgentVLN-Instruct

AgentVLN: Towards Agentic Vision-and-Language ...

ublisneq war Lo
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| AgentvLN ParN,C

Instruction 7 = Age ntV L N _3 B QD-PCoT

X
1! How far is the sofa <355,
& ‘ 380> in front of me?
Skill Library )
'\
/ Planning F \ / Perception .Fpe,,cep \ @ Perception Skills Calling
plan J
= —
Back-Projection ( Global State S j b
== ~ V== L 7 / The sofa is 3.5 meters
Global Planning >k Llncrementai Exploration Map] in front of you.
\ / / /‘
® 00 ® 00
— - Target. <382,410>
Obstacle Avoidance

( Feasible Waypoints ]J

e — e —

Planning Skills Calling

Local Target Localization '\ Context-Driven
Fine-Grained Strategy

Walk into the kitchen area. Walk around the corner and to the right passing by the table. Walk into the open room with the
circular side table with a potted plant. Walk into the room and step right. Stop behind the couch.
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Duple Camera Sys ﬂdar + Monocular Camera Sys\

o, = {I;”", Dy} PL; = Ry Py, + tiy
I = [Rt ‘ ti] = SE(S)

| AgentvLN ParN,C

PL}?', —_ R%sz —|— tLW

wo__ L ]
P = Rt(d /.4 pﬂng) + ty PC,i o REPL,z’ -+ tg

g s
‘g'p;Tt{;z—KRt (Boats — be) Zk - d,,

_(utaT'QEt_Cm)'dtarget_ —_ k

¢ _ —1_.tm _ Vearget—Cy ) Drarget E 1 m
Ptarget - dta'r’get - K pmr%et = | g fyy) g m 1
dta,?l“ et -
L g 2 Wm = e i
Hptm“get — Pm HQ

w L C b
target RtPtarget + t;

\ Pgrr’get :d:KFl v* /
1




I AgentVLN

Success Rate (SR %)

007 @ =
AgentVLN
6754 0
65.0 - EfficientVLN
62.5 1 .
60.0 1 DualVLN
57.51 . JanusVLN
NavFoM .
55.0 1
RN . I VLgu
StreamVLN nfern i
50.0 - - - 7/ . ; .
3.0 35 4.0 7.0 1.5 8.0 8.5

Parameter Size (B)

= |

() L;zgs RPueIed
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ParN.C

Inference peak memory:
AgentVLN: ~9G
DualVLN: ~20G

StreamVLN: ~18G

The first VLN model deployable on embedded devices.
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| AgentvLN ParN,C

Outstanding load balancing

[ GPU J ) VLM Model

A

v

[ CPU } ) Skills
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| AgentvLN ParN,C

Step: 0 [Plon]
Type: actlon
Dist: 13.7m

=
Pred: <action> TURN_RIGHT TURN_RIGHT TURN_RIGHT TURN_RIG
S =
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| AgentvLN ParN,C

Table 1: Comparison results with SOTA methods on the Val-Unseen dataset for R2R-
CE. Our method outperforms other approaches on the same benchmarks, even having

fewer parameters. Table 2: Comparison with SOTA methods on RxR-CE Val-Unseen split.

Method Observation R2R-CE
S.RGB Pano. Depth Odo. NE | OS T SR T SPL T Method S.RGB Pano. Depth Odo. NE | SR 1 SPL T nDTW 7
HPN{DN [20] v v v 631 40.0 36.0 34.0 -
VLN BERT [17] v v v 574 53.0 44.0 39.0 VLN B_E_RT 117] v v v 8.8 27'9 22.0 46.7
CMA [17] Y v v 620 520 41.0 36.0 CMA [17] v oo v v 876 205 221 470
Reborn [2] v v v 540 57.0 50.0 46.0 Reborn [2] v v v 598 48.6 42.0  63.3
ggOQ-l\'\‘l;;Plkllﬁl[,”] Co a0 A AL ETPNav [1] v v v 564 547 448 619
reamWalker (39 ' : ] : :
ETPNav [1] Vv v 471 65.0 57.0 49.0 Seq2Seq [21] v v 12.10 13.9 11.9  30.8
Seq2Seq [21] v > 7.77 37.0 25.0 22.0 LAW [35] v v v 1090 8.0 8.0 38.0
ig%g{l\{fé [[311] v p P 2-3*3 égg 253-00 149-00 ETPNav+FF [42] v v v 879 25.5 18.1 -
R2R-CMTP [4] 7 v 700 380 260 99.0 AO-Planner [7] v v 7.06 43.3 30.5 50.1
LAW [35] v v v 683 440 350 31.0 Uni-NaVid-7B [50] v 6.24 48.7 40.9 -
Sv?mléiili i j j ggg j;-g 33‘8 ?;Z'g NaVILA-7B [12] v 6.77 49.3 44.0 588
- Tap |[! : : .0 34. .

ETENa £0E [i3 y ’ S 558 110 504 NavFoM-7B [49] v 551 57.4 494  60.2
AO-Planner [7] v Y 5.55 59.0 47.0 33.0 JanusVLN-8.2B [17] v 6.06 56.2 47.5  62.1
gaYli\(]i-szd [7%] - i 5-‘51; ‘512-2 2;-8 23-2 StreamVLN-7B [44] v 6.16 51.8 45.0 61.9
ni-NaVid- H 5. 3. ) . 4 A
NI S5 T ’ S ot are e InternVLA-N1-7B [13] ¢ 6.41 495 41.8  62.6
StreamVLN-7B [14] 7 5.10 64.0 55.7 50.9 Efficient VLN-4B [53] v 3.88 67.0 54.3 68.4
NavFoM-7B [-m][ ] v 5.01 64.9 562 51.2 DualVLN-7.1B [43] v 458 614 51.8  70.0
JanusVLN-8.2B [48 ¥ 478 65.2 60.5 56.8 i
e INABLE 7 A StreamVLN-7B [44] Y e 6.22 52.9 46.0  61.9
DualVLN-7.1B [43] v 4.05 70.7 64.3 585 InternVLA-N1-8.3B [i?‘?] v v 5.91 53.5 46.1 699
StreamVLN-7B  [44] i % 498 64.2 56.9 519 AgentVLN-3B 3 v 3.92 69.5 61.3 74.6
InternVLA-N1-8.3B [38] v % 4.83 63.3 58.2 54.0
AgentVLN-3B v & 3.88 735 67.2 64.7
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I Future Work: Infinite Memory PEIFNP_E

Model architecture specifically designed for VLN tasks.

Static Memory: H! = EncodeOnce(I), M=K ;”, VIU)
Dynamic Memory: hy = SWA(0r_K:t, Gt—K:t—1, Pt—K:t)
Memory Update: e; = WriteMLP( hic}c, ai_1,pt)

S; = GatedDeltaNetWithDecay(S; 1, ;)
hy* = Read(S, ¢;*")

St = pt © S¢-1 (I = 5tkak;r) + vk,
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Future Work: Infinite Memory PEIFNP_E

Model architecture specifically designed for VLN tasks.

Sliding Attention +  GDN Attention

Peak memory usage: 5.5G
Achieve 10 FPS
Inference Delay: 0.45s
No inference optimization was performed!



