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Figure 1. Top: a policy is trained once and then deployed with frozen weights, which prevents adaptation at test time. Bottom: a frozen
VLA policy is augmented by an Experience Feedback Network that retrieves semantically relevant prior trajectories, produces residual
corrections, and closes the loop with outcome similarity signals while keeping the base policy unchanged.

Abstract

Embodied agents face a fundamental limitation: once
deployed in real-world environments, they cannot eas-
ily acquire new knowledge to improve task performance.
In this paper, we propose Dejavu, a general post-
deployment learning framework that augments a frozen
Vision-Language-Action (VLA) policy with retrieved exe-
cution memories through an Experience Feedback Network
(EFN). EFN identifies contextually relevant prior action ex-
periences and conditions action prediction on the retrieved
guidance. We train EFN with reinforcement learning and
semantic similarity rewards, encouraging the predicted ac-
tions to align with past behaviors under the current obser-
vation. During deployment, EFN continually expands its
memory with new trajectories, enabling the agent to ex-
hibit “learning from experience.” Experiments across di-
verse embodied tasks show that EFN improves adaptability,
robustness, and success rates over frozen baselines. Our
Project Page is https://dejavu2025.github.io/.

*Corresponding authors.

1. Introduction

Embodied intelligence studies agents that learn and act
through physical interaction with their environment [26, 37].
Recently, unified Vision—Language—Action (VLA) models
have shown impressive generalization across diverse tasks
[11, 16, 34, 48], but only after massive offline training
on fixed data distributions [0, 40]. Once deployed, their
weights, and thus their knowledge, remain fixed unless the
model is retrained [27], so most real systems effectively
“stop learning” in the wild [27].

This raises a natural question: must intelligent systems
always rewrite their internal weights to improve? Humans
often tackle new problems by recalling and reusing past ex-
periences rather than acquiring entirely new facts [1, 32].
Episodic memory, which underlies the feeling of “déja vu,”
does not alter core knowledge representations but does en-
able rapid adaptation by analogy [13]. We therefore ask
whether an Al agent can similarly improve by recalling and
reusing its own “experiences.” If a neural network could
leverage stored memories of situations and solutions to in-
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form its current decisions, it could improve over time at in-
ference simply by accumulating and exploiting new experi-
ences, without gradient-based retraining [4, 22, 33]. This
idea of “learning from déja vu” motivates our approach.

A closely related literature studies retrieval-augmented
reinforcement learning and retrieval-augmented embodied
agents. Retrieval-augmented [24] RL couples an external
experience buffer with a parametric policy or value func-
tion, retrieving past trajectories similar to the current state
to improve credit assignment or value estimation [13]. In
embodied and robotic control, recent methods retrieve prior
executions in various forms, such as state—action trajectories
or policy snippets, and leverage them during decision mak-
ing, either by fine-tuning on retrieved data [30, 47] or by con-
ditioning the policy directly on retrieved trajectories as ad-
ditional context [20, 21, 23]. These works share a retrieval-
plus-decision paradigm [ 13, 30, 47], but they typically target
a trainable policy whose weights continue to change dur-
ing or after deployment [20, 21], operate on static offline
corpora rather than live memories that grow during deploy-
ment [13, 47], and define retrieval over compact state or task
abstractions instead of the rich, open-vocabulary vision—
language interface of modern VLAs [23, 47]. As a result,
existing retrieval-augmented methods do not offer a sim-
ple deployment-time mechanism for continually improving
a frozen, unified policy. To our knowledge, EFN is the first
post-deployment learning framework for VLA policies that
couples a live experience bank with retrieval-conditioned
residual correction, enabling improvement through memory
growth without backbone finetuning.

To this end, we propose the Experience Feedback Net-
work (EFN), an experience-centric controller for improving
pre-trained VLA policies at deployment without modifying
their weights. EFN takes the current observation together
with an action retrieved from a matched experience and pre-
dicts a residual action, which is added to the VLA output to
produce the final control. When a strong prior experience
exists, EFN learns to exploit it to refine the action; when
retrieval is uninformative, it falls back toward the base pol-
icy. We train EFN with reinforcement learning using a dense
similarity-based reward: the agent receives higher reward
when the next observation resembles the next observation
in the retrieved experience, providing frequent shaping sig-
nals beyond sparse success—failure feedback. Concretely,
EFN learns retrieval-conditioned residual control by treat-
ing the successor of a retrieved transition as a semantic target
for shaping. EFN is optimized with Soft Actor—Ceritic [14],
whose entropy regularization and off-policy sample effi-
ciency facilitate effective reuse of stored experiences.

During deployment, we maintain a /ive experience bank
that is continuously augmented with newly successful roll-
outs. At each inference step, the agent retrieves a similar
trajectory in a joint vision—language embedding space, pro-

vides the matched experience action to EFN alongside the

current observation, and obtains a residual that refines the

base VLA output. This yields a retrieval-augmented yet
weight-frozen VLA agent that improves purely by accumu-
lating and reusing its own experiences over time. We inte-

grate EFN with OpenVLA [18], UniVLA [8], and GO-1 [7],

and evaluate it in both simulation and on a real-world plat-

form. Extensive experiments show that EFN not only im-

proves success and efficiency over strong VLA baselines,

but also outperforms representative retrieval-augmented RL
and embodied baselines under the same experience bank and
evaluation protocol.

We summarize our main contributions as follows:

* We propose EFN, to our knowledge the first post-
deployment learning framework for frozen VLA poli-
cies that improves behavior through online experience ac-
cumulation and retrieval-conditioned residual correction,
enabling adaptation by memory updates rather than back-
bone finetuning.

* We design a live experience bank that stores synchro-
nized vision—language—action trajectories, retrieves task-
relevant transitions in a joint embedding space, and trains
the residual with similarity-shaped reinforcement signals
toward retrieved successors.

* We integrate EFN with OpenVLA, UniVLA, and GO-
1, and benchmark it on LIBERO and a real-world
AgiBot-G1 setup, showing consistent gains over retrieval-
only, residual-only, retrieval-augmented RL, and test-time
training baselines under the same interaction budget.

2. Background
2.1. Vision-Language-Action (VLA) Models

Large-scale VLA policies couple open-vocabulary percep-
tion with end-to-end control and achieve strong cross-
task generalization in manipulation [0, 9, 35, 44, 45, 48].
Recent open-source generalist policies [18, 40] extend
this paradigm to heterogeneous robots and sensors, while
lighter-weight architectures improve inference efficiency for
deployment [28]. Benchmarks such as LIBERO [25] pro-
vide a standardized testbed for compositional generalization
and post-deployment robustness.

In this work, we adopt the emerging view of VLAs as
frozen backbones: the VLA provides a strong yet imperfect
policy, and EFN operates purely as an external correction
module without modifying the backbone weights.

2.2. Post-deployment Learning and Retrieval

A central deployment challenge is improving behavior af-
ter a policy has been trained, ideally without repeatedly
finetuning large models. Human-in-the-loop and continual-
learning frameworks study how robots can collect feedback
and adapt online [25, 27]. In parallel, retrieval-augmented
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Figure 2. EEN trains a residual policy with SAC to nudge the base
action so the next frame matches the successor in memory.

reinforcement learning associates policies or value functions
with an external experience buffer and retrieves similar tra-
jectories at test time to guide decision making [2, 13,39, 41].
In robotics, retrieval has been used to condition policies
on past episodes, demonstrations, or cached behaviors for
training-free guidance.

Residual policy learning improves a strong controller by
predicting an additive correction rather than a full action, en-
abling safer and more sample-efficient finetuning [17, 36].
Dense, similarity-shaped rewards and world models [3, 15]
further stabilize RL by comparing predicted or observed fu-
tures to goal-like targets instead of relying solely on sparse
task success.

Our perspective. EFN lies at the intersection of these
ideas. It targets the post-deployment regime with a frozen
VLA, maintains a live experience bank, retrieves a task-
relevant transition in a joint vision—language space, and pre-
dicts a residual action that refines the base policy. The
residual is trained with dense similarity-shaped rewards that
compare the observed next frame to the retrieved successor,
combining retrieval-conditioned guidance with residual cor-
rection without ever updating the large backbone.

2.3. Embodied Reinforcement Learning

Embodied RL trains control policies via interaction with
physical or simulated environments, often under sparse re-
wards and limited data. Prior work addresses these issues
through goal relabeling [1], large-scale real-robot data col-
lection [5], leveraging offline datasets before online im-
provement [31], strong regularization from pixels [43],
and world-model-based imagination [15]. Benchmarks for
compositional and continual embodied learning further em-
phasize evaluating robustness and knowledge accumula-
tion [12, 25, 42, 46].

Our scope. Rather than training ever larger VLAs, we fo-

[[] Experience Visual-token

[] Experience Action-token EFN(Our Method) Action-token

Figure 3. EFN performs inference by retrieving candidates, apply-
ing residual correction, and growing the experience bank online.

cus on a lightweight post-deployment mechanism that aug-
ments a frozen policy. Concretely, EFN is an Experience
Feedback Network trained with Soft Actor—Critic [14] to
map retrieved trajectories and current observations to resid-
ual actions that refine the controller, effectively learning an
experience-feedback module instead of relearning the VLA.

3. Methodology
3.1. Overview of EFN

EFN wraps a frozen vision—language—action (VLA) policy
with an experience-centric controller that improves behavior
at deployment without updating the backbone weights. We
first design a step-level experience bank and storage schema
that record both rollout-level instructions and per-step visual
keys and actions (Sec. 3.2). Given this bank, EFN learns a
residual policy on top of the frozen VLA using a similarity-
shaped reward and Soft Actor—Ceritic, with additional shap-
ing to discourage idling (Sec. 3.3). At deployment, all net-
work parameters remain frozen: EFN performs instruction-
filtered, efficiency-aware retrieval, applies the trained resid-
ual correction at each step, and grows the bank online by
appending successful rollouts (Sec. 3.4). Post-deployment
adaptation therefore arises purely from memory growth and
recall, not from further gradient updates. Figure 2 and
Figure 3 summarize EFN in the training and deployment
pipelines, respectively. We elaborate on the rationale be-
hind this design in Appendix SectionC.

3.2. Experience Bank Design

Storage schema. We organize experience as full rollouts
T = (s1,4a1,...,57,ar) and insert into the bank every step
(s¢,a;) encountered during data collection or deployment,
i.e., every step at which the robot executes a control action.
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(a) Instruction embeddings. (b) Keys and queries.

Figure 4. Visualization of EFN’s language-conditioned retrieval.
(a) PCA projection of instruction embeddings ¢, grouped by task
type: similar instructions form clusters, allowing EFN to restrict
retrieval to a small set of relevant rollouts. (b) PCA projection of
experience keys k; and online queries q,: for a given query, the
retrieved top-k neighbors (blue) lie nearby in this space.

We exclude the initial “blank” waiting steps during simula-
tor loading and robot warm-up from training and evaluation.

The initial offline bank contains both successful and
near-successful trajectories, and occasionally failed rollouts,
which we retain because our reward is defined on semantic
similarity rather than a binary success flag; see Appendix
SectionD. ! for discussion. During deployment, however, we
append only trajectories that reach the goal, using these suc-
cessful rollouts as high-quality references.

For each rollout 7, we also store a fixed instruction em-

bedding €, obtained by encoding the task description with
the VLA’s language model at the beginning of the episode.
At the step level, we record three items: (i) the VLA vision-
encoder features F, € RE%C for frame s, (e.g., token fea-
tures), (ii) a compact key vector k; € R4 derived from
F; for retrieval, and (iii) the base policy’s raw action at(o)
executed at that step. The bank therefore stores tuples
(L2, F;,K;,a ")) for all valid 7 across all trajectories.
Key construction and probabilistic top-k retrieval. We
form retrieval keys using mean—max fusion with per-token
> normalization. First, {,-normalize each token feature in
F; across channels, then compute mean and max along the
token dimension and normalize each result:

N F;(¢,)
F,({ )= ———-—,
C) =R, e
. meang (F; (¢, -))
e ||meang(E(€, -))”2 +g (1

max (F, (¢, "))
||max,g (F, (¢, ))”2 +e

We then fuse the two by an equal-weight average followed
by a final normalization, yielding the key (here dy = C):

k, = l%m’f%x’ e R%. 2)
Iz me + 3%, +&

At query time, we form a query vector ¢, from the cur-
rent frame using the same fusion, compute cosine similari-
ties s; = cos(qy, K;) to all keys, and select the top-k indices
Ni(q). We then sample one key from this shortlist with a
similarity-biased distribution:

exp(s;/7)
S jene(an) eXP(s; /)

p(la)= i€ Ne(qr), (3

where 7 > 0 is a temperature. This “retrieve-then-sample”
procedure preserves exploration among near-matches while
favoring the most semantically similar experiences.

Figure 4 illustrates the structure EFN exploits in the ex-
perience bank: instruction embeddings £, cluster by task
type, making the instruction-filtered candidate set R, small
and focused, while retrieved keys form tight local neighbor-
hoods around each query in the visual space.

3.3. Learning with Residual Policy Optimization

Problem setup. EFN learns to nudge the base policy by re-
calling a relevant past experience and adjusting the current
action so that the next observation resembles “what hap-
pened next” in that experience. At step ¢, the inputs are
the current visual features F; and the base policy’s action
a§°), together with a retrieved experience step (F, a, F*) and
its rollout-level instruction embedding ¢ (retrieval is defined
in the previous subsection). EFN’s actor outputs a residual
Aa;; the executed control is

a, = a% + Aa,. )

Intuitively, aio) preserves the base policy’s competence,
while Aa, provides an experience-informed correction con-
ditioned on the retrieved transition.

Figure 6 visualizes EFN’s behavior in latent action space.
We project both the base actions at(o) and EFN-corrected ac-
tions a, to 2D using PCA and draw arrows for the residuals
Aa;. The arrows form short displacements around the base
actions, indicating that EFN acts as a fine-grained correction
layer on top of the frozen policy rather than as a separate
controller that overrides it.

Dense Semantic Match Reward. To quantify the notion of
“match the experience’s next outcome,” we compare the re-
alized next observation s, with the experience’s successor
frame §* at the semantic level. Let u(-) be the mean—max fu-
sion described earlier, applied to vision features to produce
a unit vector. After executing a,, the environment yields
s:+1 with vision features F;.;. We define a dense similarity
reward

r™ = cos(u(Frs1), u(F)). &)

In practice, we also regularize the residual magnitude to
avoid destabilizing the base behavior:

ry = /lsemr?em — Ares ||A3z||§, (6)



—— a; (next sim.) m¢ (motion) = r; (total)
—==- [pd+ (progress) lazy penalty
Reward decomposition with anti-idling

———— rogress A idlin e — - ———_progress
oof ~ B it s i
0 5 10 15 20 25 30
Time step t

Figure 5. Reward decomposition along a representative rollout
under EFN’s shaped objective. Early in the trajectory, the agent
makes progress and receives high reward; when it idles near a good
view, the lazy penalty suppresses r;; once it moves toward the re-
trieved successor again, the progress and motion terms dominate.

with Agem, Ares > 0. This reward directly encodes our train-
ing signal without requiring supervised residual labels. Be-
cause r; is defined purely from feature similarity rather than
a success/failure flag, EFN can be trained on both successful
and failed rollouts as long as they contain meaningful state
transitions.

SAC objective. We train EFN with Soft Actor—Critic, con-
ditioning both actor and critics on the current and retrieved
experience context. Let

¢, = endF,, a!” F, 4, ¢) (7

be a learned context representation (the base policy is
frozen). The stochastic residual policy is w4 (Aa, | ¢;), and
the Q-functions Qg,, Q ¢, evaluate the corrected action a; =
a;o) + Aa, under ¢,. The critic targets use the soft Bellman
backup with target networks 6;:

Ye=T¢ + 7EA3r+l~ﬂ¢(‘|ct+l)[

miinQéi(cHl, a;g)l + Aazyp) — alog 7T¢(Aa,+1 |ct+l)] .

®)

The critic loss is the standard squared error:

Laiie(©1,02) = Y E[(Qai(er. a” +4a)-y)*|. ©

i=1,2

The actor minimizes the entropy-regularized objective

Lactor () = EAa,~n¢,(- |c,)[a log 7T¢(Aat lc,) -
(10)
mlir%Qgi(c,, a? + Aa,)].
=1,

with temperature @ optionally tuned to maintain a target en-
tropy. During training, gradients do not flow through the
retrieval targets I and F*; updates are confined to EFN’s
actor, critics, and the context encoder.

Reward shaping with anti-idling penalty. To retain abso-
lute credit for matching the retrieved next observation while

Residual action corrections in latent space
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Figure 6. Residual corrections in latent action space. We project
base actions at(o) and EFN-corrected actions a, = at(0> + Aa, to
2D using PCA. Each arrow connects a base action (yellow) to its
corrected counterpart (blue), showing that EFN applies small, local
residuals Aa, rather than replacing the base policy outright.

penalizing “similar but no progress” behavior and encour-
aging shorter rollouts, we define semantic similarity (sim €

[0, 1])

S?em sim(F41, I:T+),
ar — sim(F,, F), (11)

sp = sim(F; 41, Fy).

1)
~
|

We introduce auxiliary terms (with [x]; = max(x,0) and
tolerance & > 0):

_.next _ hext cur _ stay _
a; = si pr =57 = s my =1 =577, = [e—pi 14
(12)
The dense reward becomes
Tt = Wabs At + Wprog [Pe]s + Wimot 14 (13)

next stay
— Wilazy (S, ng S; ) — Atime-

where Wabs, Wprogs Wmots Wiazy = 0 and Agime > 0 are scalars.
Equation (13) preserves an absolute similarity bonus (a,),
adds a progress term ([ p,]+) to credit genuine improvement
toward the retrieved next state, encourages non-trivial mo-
tion (m;) to avoid degenerate idling, and introduces an anti-
idling penalty that activates only when the prediction is al-
ready similar yet shows negligible improvement and little
change between consecutive frames. The per-step cost A¢ime
favors shorter successful trajectories. Conceptually, EFN
therefore learns a residual policy that steers F,.| toward | I

3.4. Deployment Retrieval and Experience Growth

Goal and key differences. At deployment, EFN recalls and
reuses prior experiences while nor updating either the base
policy weights or its own. The inference pipeline mirrors
training but differs in three ways. First, retrieval is task-
filtered: we restrict matches to rollouts whose instruction
embeddings are close to the current task. Second, we prior-
itize efficient rollouts: shorter trajectories receive higher se-
lection priority because they typically contain fewer redun-
dant actions and lead to faster completion. Third, we grow



the bank online: after a rollout finishes, its steps are inserted
into the bank so that future episodes can recall them. Post-
deployment adaptation therefore comes purely from mem-
ory growth, not gradient updates.

Instruction-filtered candidate set. Given a task descrip-
tion, we compute an instruction embedding with the VLA’s
language encoder, denoted £*. We compare ¢* with all
stored rollout-level embeddings {¢,} using cosine similar-
ity and select the top-n rollouts:

R, = Top-n {cos(*, eT_,.)}].. (14)

All step-level entries from these rollouts form the candidate
experience set C, which is the only pool from which we re-
trieve during this episode.

Step-wise retrieval with efficiency prior. At step 7, we
form a visual query q; = u(F,) using the mean-max fu-
sion u(-) defined previously. Each candidate i € C has a
key k;, a successor feature IA?:r and belongs to a rollout p(i)
with total length L, ;). We score candidates by combin-
ing semantic similarity with an efficiency prior that favors
shorter rollouts. Let s; = cos(q;, k;) and define a normal-
ized length prior g(L,(;)) € [0, 1] that decreases with L ;)
(e.g., g(L) = exp[-B L/L] with temperature 8 and refer-
ence length L). The combined score is

5 = Asi + (1= g(Lyay)s A1€[0,1].  (15)

We take the top-k candidates by §; and sample one with soft-
max:

exp(5;/7)
Y jeni(r) exp(5;/7)

plln) = ; i € Ni(1), (16)

where 7 is a temperature and N (7) denotes the k highest-
scoring items at step #. This procedure preserves exploration
among near-matches while preferring memories that both
look similar and come from efficient behaviors.

Action correction and execution. Conditioned on the cur-
rent context and the sampled experience (F;, a;, I:’:r) EFN

predicts a residual Aa, and executes a, = at(o) + Aa; as in
training. At inference, all critics and the residual policy re-
main fixed; in practice, we use the deterministic mean action
(or a low-temperature sample) to reduce variance. Concep-
tually, the correction is chosen to steer the next observation
toward the stored successor Fl’“ reusing successful transi-
tions without further learning updates.

Online experience growth. After each episode, we insert
the resulting rollout into the experience bank: the episode-
level instruction embedding ¢* is stored together with all
step tuples (Fy,k,, a§°)) computed under the same mean—
max keying scheme. At deployment time, however, we ap-
pend only rollouts that successfully reach the goal, unlike
the training phase, which may also admit near-successful or
failed trajectories (Appendix SectionD. ). These successful

episodes serve as high-quality references for future retrieval.
When operating under an experience budget, standard reten-
tion strategies, such as reservoir sampling or recency-aware
replacement, can be applied without modifying the retrieval
or learning mechanisms described above.

4. Experiments

4.1. Experimental setup.

We evaluate EFN on the LIBERO benchmark [25] with three
pretrained VLAs: OpenVLA [18], UniVLA [8], and GO-
1 [7]. All models use the same visual preprocessing (center
crop followed by resize to 256). UniVLA exposes 256 visual
tokens and 4 latent action tokens per step; EFN takes the
current tokens and retrieved tokens, predicts a residual in
latent space, and adds it to the base latent action, which is
then decoded by the frozen action head. Training details are
provided in Appendix SectionB.

Evaluation protocol. At test time, we make the policy de-
terministic by applying tanh to the actor mean. We report
success rate and, conditional on success, the average number
of steps (lower is better) with horizon H=320. The experi-
ence bank used at evaluation mirrors training and is queried
via cosine nearest neighbors over pooled visual embeddings.
After each successful rollout, we append the episode to the
bank and prioritize shorter successful episodes; no gradient
updates are performed during evaluation.

Baselines and variants. We compare each backbone with
four baselines and our EFN variants, chosen to instanti-
ate the three paradigms from Sec. 2. kNN-RAG is a non-
parametric retrieval-only controller that retrieves the nearest
past step from the shared bank and directly copies its action.
ResAct [29] is a residual-only baseline that learns an addi-
tive correction on top of the frozen VLA action but does not
use retrieval or similarity-shaped rewards. R2A [13] adapts
retrieval-augmented RL to VLAs: the policy is conditioned
on retrieved trajectories and optimized end-to-end, updating
the backbone. GC-TTT [38] is a goal-conditioned test-time
training baseline that updates the backbone online using re-
trieved rollouts. Additional baseline details are provided in
Appendix SectionB .4.

All retrieval-based methods share the same experience
bank and retrieval interface, differing only in how retrieval
is used (direct action copying, residual correction, or back-
bone updates). EFN is evaluated with two bank capaci-
ties, Vol € {300, 1000}, denoting the maximum number of
stored transitions per task. Real-world experiments run on
the AgiBot-G1 platform with GO-1 [7]. Runtime and mem-
ory overheads, reported in Appendix SectionE.1.2, remain
small relative to the frozen VLA forward pass. Each setting
uses 50 episodes across 3 seeds, and we report the average.

4.2. Benchmark and Analysis

Results on LIBERO. Table 1 summarizes the results on
LIBERO. Across all three backbones, EFN consistently im-



Table 1. Performance on the LIBERO benchmark, averaged over three seeds.

Method Spatial Object Goal Long Average

Succ.T Step| Succ.T Step] Succ.T Step] Succ.T Step| Succ.T Step|
Base: OpenVLA

OpenVLA [18] 84.7 119.5 88.4 163.7 79.2 121.5 53.7 275.9 76.5 160.2

+kNN-RAG 82.3 125.1 85.6 171.2 74.8 128.3 50.1 282.7 73.2 166.4

+ResAct [29] 86.1 117.3 89.7 160.5 82.5 119.7 58.4 271.5 79.2 158.6

+R2A [13] 87.5 114.8 91.1 157.2 84.6 116.9 63.2 265.3 81.6 156.3

+GC-TTT [38] 85.2 121.9 87.9 165.8 80.7 123.6 55.9 277.1 77.4 162.8

+EFN (Vol=300) 88.5 1154 91.3 158.8
+EFN (Vol=1000) 89.9 109.0 92.2 156.1

85.7 117.0 72.1 267.2 84.4 160.0
89.2 115.2 76.5 261.9 87.0 156.7

Base: UniVLA

UniVLA [8] 96.5 112.7 96.8 159.0
+kNN-RAG 94.2 118.3 95.7 165.1
+ResAct [29] 97.1 109.6 97.4 154.7
+R2A [13] 97.5 107.2 97.8 152.3
+GC-TTT [38] 96.8 110.1 97.1 156.8

+EFN (Vol=300) 97.7 103.4 97.9 1514
+EFN (Vol=1000) 98.2 102.1 98.2 145.8

95.6 124.9 92.0 264.5 95.2 164.2
93.1 128.6 87.5 270.3 92.6 168.9
96.2 122.1 89.8 260.7 95.1 160.0
96.6 120.5 91.3 2579 95.8 158.0
95.9 123.4 89.1 266.1 94.7 162.1
97.2 120.1 93.7 253.8 96.6 156.2
97.6 117.8 94.6 242.5 97.2 151.3

Base: GO-1
GO-1[7] 96.3 111.6 97.4 160.2 95.6 118.9 89.3 269.1 94.7 163.1
+kNN-RAG 94.1 116.8 95.9 167.5 93.4 122.7 85.1 274.9 92.1 168.0
+ResAct [29] 96.8 108.9 97.6 156.1 96.1 119.8 88.7 264.7 94.8 160.3
+R2A [13] 97.3 106.5 97.9 153.6 96.5 118.2 90.2 261.5 95.5 158.1
+GC-TTT [38] 96.6 113.2 97.2 159.5 95.8 121.1 88.9 267.3 94.6 163.3

+EFN (Vol=300) 97.5 107.8 98.1 154.5
+EFN (Vol=1000) 98.1 105.3 98.5 151.7

96.8 115.6 91.2 258.5 95.9 157.5
97.3 1141 92.8 253.2 96.7 154.8

Figure 7. Visualization of EFN’s residual corrections. Left: current observation. Middle: retrieved frame. Right: corrected (translucent)
versus base action. Even when the retrieved scene differs from the current one (top row), EFN can still extract actionable guidance.

proves both success and efficiency over the frozen VLAs.
The retrieval-only baseline KNN-RAG often degrades per-
formance, suggesting that copying actions from nearest
neighbors is brittle. ResAct provides modest gains, in-
dicating that residual refinement helps but remains lim-
ited without episodic context. R2A benefits from retrieval-

augmented RL but requires updating the large backbone and
still underperforms EFN under the same interaction budget.
GC-TTT yields small or negative improvements, reflecting
the instability of aggressive test-time finetuning on non-i.i.d.
rollouts. EFN with a small bank (Vo1=300) already matches
or surpasses all baselines, while Vo1=1000 offers further,



Table 2. Real-world performance on the AgiBot-G1 platform with the GO-1 policy [7].

Method BottlePlace ShelfSort StockLift DrawerStore Average

Succ.T Step| Succ.T Step| Succ.T Stepl Succ.T Step|! Succ.T Step|
GO-1[7] 473 407.0 34.0 442.1 16.0 389.2 53 728.9 25.8 491.8
+kNN-RAG 353 435.2 25.3 468.7 12.0 405.1 0.0 752.3 18.2 5153
+ResAct [29] 52.7 418.9 41.3 431.4 22.7 396.8 8.0 715.6 31.2 490.7
+R2A [13] 61.3 399.1 51.3 415.7 31.3 372.5 14.0 689.2 39.5 469.1
+GC-TTT [38] 49.3 412.5 36.7 448.9 18.7 393.7 0.0 735.1 26.2 497.6
+EFN (Vol=300) 69.3 382.6 54.7 410.5 42.0 355.1 37.3 668.3 50.8 454.1
+EFN (Vol=1000) 82.0 364.2 74.7 392.9 65.3 339.9 58.7 643.4 70.2 435.1

Table 3. Inference-time efficiency comparison for real-world de- [ OpenVLA BB wjosinkhornsim B w/o anti-idle
3 w/o SAC 3 wj/o instr. embed. B OpenVLA+EFN(full)

ployment. Change is computed relative to the base GO-1.

Metric GO-1 GO-1 + EFN (ours)
Per-step latency (ms) |  35.7 37.2 (+4.2%)
Avg. steps / episode |  491.8 435.1 (-11.5%)
Episode time (s) | 17.6 16.2 (-7.9%)

though diminishing, gains. Figure 7 illustrates how EFN’s
residual actions correct the base policy’s outputs.
Real-world results. Table 2 reports results on AgiBot-G1
with GO-1 on four real-world tasks: BottlePlace, ShelfSort,
StockLift, and DrawerStore, ordered roughly from easy to
hard. Detailed settings for these tasks are provided in Ap-
pendix SectionB.5. The trends mirror simulation: kNN-
RAG consistently hurts performance; ResAct and R2A of-
fer moderate gains; and GC-TTT is unstable and fails on the
hardest task. EFN achieves the highest average success with
fewer steps, and the gap between Vo1=300 and Vo1=1000
is smaller than in simulation, suggesting that a moderate
bank already covers the main task variations. All EFN re-
sults are obtained with a frozen GO-1 backbone; adaptation
arises solely from the experience bank and the residual head,
whereas R2A and GC-TTT rely on gradient-based updates.
We include visualizations of the real-world experiments in
Appendix SectionF.

4.3. Ablation Study

We further evaluate four controlled variants on LIBERO
(Figure 8); full ablation numbers are provided in Appendix
Table D.1.

Effect of SAC. Removing SAC (w/o SAC) and replacing it
with a value-only critic harms both success and efficiency,
supporting the use of entropy-regularized optimization.
Effect of dense rewards. Dropping similarity-shaped dense
rewards (w/o dense) and relying only on sparse task returns
slows learning and reduces final performance.

Effect of instruction. Disabling instruction-level fil-
tering (w/o instr) degrades performance, indicating that
instruction-aware retrieval is important.

Ablation Studies: Success Rate Ablation Studies: Average Steps
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Figure 8. Ablation studies of EFN on the LIBERO benchmark.

Spatial Object Goal Long Average

Effect of anti-idle. Removing the anti-idling term (w/0 anti-
idle) reduces performance, indicating that idleness penalties
matter.

Effect of residual action. As further analyzed in Appendix
SectionE.2, replacing the residual correction with direct ac-
tion prediction degrades performance, which we attribute to
discarding the base policy’s generalization and overburden-
ing the lightweight actor with modeling the full action space.
Inference time. EFN improves performance while remain-
ing efficient. Although each step introduces a modest 4.2%
latency overhead, EFN reduces the average episode length
by 11.5%, resulting in an overall 7.9% reduction in total
episode time. In other words, EFN achieves higher success
rates while also reducing end-to-end episode time.

5. Conclusion

Inspired by the human experience of déja vu, we introduce
the Experience Feedback Network, a retrieval-conditioned
residual module that augments a frozen vision—language—
action policy with an experience bank. EFN retrieves
task-relevant transitions in a joint vision—language space
and trains a lightweight residual controller with similarity-
shaped reinforcement learning, enabling post-deployment
adaptation through memory updates instead of backbone
finetuning. On LIBERO and a real-world AgiBot-G1 plat-
form, EFN consistently outperforms retrieval-only, residual-
only, retrieval-augmented RL, and test-time training base-
lines under the same interaction budget.
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A. Overview

This appendix is organized as follows. Section B describes
the detailed settings of our method, baselines, and experi-
ments. Section C elaborates on the rationale, motivation,
and intuition behind EFN. Section D discusses the method
and its broader implications. Section E presents supplemen-
tary experimental results and analysis. Section F provides
additional visualizations of EFN in action.

B. Details of Method and Experiment

This section provides implementation and experimental de-
tails; the rationale behind these design choices is discussed
in Section C.

B.1. Experience Bank Implementation Details

Step-level representation. Recall that EFN operates on
step-level transitions from rollouts 7 = (s, ay,...,St,ar)
and augments a frozen VLA policy using an experience
bank. Conceptually, each stored step E,, , from rollout m
at time n contains

Em,n = (mev Fm,nv km,lh a;r?,)n)’ (B.1)

where {; is the instruction embedding for rollout 7,
F,u.n € REXC s the VLA vision encoder feature map for
frame ;... Ko € R% is the mean-max fused retrieval
key defined in main-paper Sec. 3.2, and a,(,?},, is the raw ac-
tion produced by the frozen base policy at that step.

In our implementation, the bank is stored as a line-based
JSON file together with accompanying feature files, where
each JSON line encodes one step and includes a rollout
identifier, a step index, and paths to the visual and action
features. The corresponding visual feature file stores the
precomputed retrieval key k,,, ,, as a dx-dimensional vector
(e.g., visual _embed_meanmax with dy = 4096), together
with any additional visual features that may be needed. The
action file stores the base policy’s latent action representa-
tion (e.g., a4 Xxd, tensor of action tokens) and the associated
discrete token IDs (generated_ids) from which the con-

. 0 .
tinuous control command af,,,,)n is decoded.

Rollout-wise organization and indexing. Experiences
are inserted into the bank at every non-blank step where the
robot executes a control action. We explicitly omit the ini-
tial waiting steps during simulator loading and robot warm-
up from both training and evaluation; these steps are never
written to the JSON file and therefore never appear as can-
didates in retrieval.

The JSON file implicitly groups steps by rollout_id
and step_idx. At load time, we construct two data struc-
tures: (i) a mapping

index : (rollout_id, step_idx) — Ey n, (B.2)
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Figure B.1. Cosine similarities (left bars) and corresponding soft-
max sampling probabilities (right bars) over the top candidates in
the experience bank. Higher similarity induces higher sampling
probability while still preserving exploration.

implemented as a hash table from the pair (m, n) to the cor-
responding metadata record, and (ii) a dense key matrix

K € RV*d, (B.3)

obtained by stacking all keys k,, , for the N stored steps.
This enables constant-time lookup of a particular step and
efficient vectorized similarity computation against all keys.

For convenience, we also expose a “successor’” operator
E\n n+1 that returns the immediate next step of a given tran-
sition whenever it exists:

Epn+1 = index(rollout_id = m, step_idx =n+1).
(B4)
We use E,, ,+1 as the semantic target successor frame when
shaping the progress reward: the retrieved step provides a
reference for “what should happen next” if the agent were to
follow a previously successful trajectory.

Retrieval over the bank. Given a current observation s;,
we compute the vision encoder feature map F, and de-
rive a query key q; via the same mean—-max fusion and £,-
normalization used for k,,, , (main-paper Sec. 3.2). We then
compute cosine similarities between q, and all stored keys:

s;i = cos(qs, ki), ie€{l,...,N}. (B.5)

In the probabilistic variant used for EFN training, we fol-
low the top-k sampling scheme described in the main text:
we first select a shortlist N (q,) of the k highest-similarity
keys and sample an index using a temperature-scaled soft-
max,

exp (s:/7)
Zjeni(a) &P (5;/7)

with a fixed temperature 7 > 0 (we use 7 = 0.05 in all
experiments). As shown in Figure B.1, this “retrieve-then-
sample” design encourages exploration among near-matches

i€ Nk(qr), (B.6)

p(ilaq) =



while still biasing toward the most semantically similar ex-
periences.

Usage during training and deployment. During offline
pretraining of EFN, the experience bank is constructed from
a mixture of successful, near-successful, and occasionally
failed rollouts, as discussed in Appendix Section D. At each
environment step, EFN queries the bank, obtains a refer-
ence step E,, , and its successor Ey, 41, and uses the suc-
cessor observation as the semantic target for the similarity-
shaped progress reward. At deployment, the bank continues
to grow: we append only the trajectories that reach the goal,
thereby gradually refining the set of available references
without ever updating the frozen VLA backbone weights.

Even failed or near-success rollouts can still contribute
meaningful similarity structure, since the reward is defined
on feature transitions rather than binary outcome labels (see
Sec. D.1 for analysis).

B.2. Reward Shaping and SAC Training Details

This subsection details the implementation of the similar-
ity terms in main-paper Eq. (13) and the Soft Actor—Critic
(SAC) [14] training procedure used for EFN.

Similarity function sim(-,-). For reward shaping, we in-
stantiate sim(-,-) as a cosine-based similarity on the per-
patch vision tokens. Given two feature maps X,Y €
R26x40% from the frozen VLA backbone, we first {»-
normalize each token along the channel dimension and form
the cosine matrix

S = token_cosine_matrix(X,Y)

= norm(X) norm(Y)" € [-1,1]%°*% (B.7)
We then compute a Sinkhorn-regularized matching [10]
between the two token sets with a Gibbs kernel K =
exp(S/eor), uniform row and column marginals, and nje;
Sinkhorn iterations. The resulting transport plan P €
R236x236 gatisfies approximately uniform marginals and we
define the scalar score

score(X,Y) = ZP,-j S/, (B.8)
i.J
followed by a linear rescaling to [0, 1]:
sim(X,Y) = 1 (clip(score(X,Y),-1,1) +1).  (B.9)
In all experiments, we set eor = 0.05 and njer = 50.

No additional learned projection is applied before comput-
ing similarity; we rely on the backbone’s vision tokens and
Sinkhorn normalization to provide a stable semantic sim-
ilarity in [0, 1]. The same primitive sim(-,-) is used for

next ccur Stay : ;
sP 539, s, in main-paper Eq. (13).
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Reward decomposition and default weights. Given the
three similarities
1 = sim (Fpo1, F),
ST = sim(F,, F), (B.10)
Sitay = sim(F; 41, Fy).
we define the auxiliary scalars
a, = s?exl,pt — s?ext _ sgur’ my=1- Silayant — [8 -py ]+’
(B.11)

with tolerance £ > 0 and [x]; = max(x,0). The shaped
reward in main-paper Eq. (13) is then

Tt = Wabs At + Wprog [Pr]+ + Wmot M4

(B.12)

— Wilazy (S?eXt ng s:lay) — Atime,
which is finally clipped to [—1, 1] for numerical stability.
Unless otherwise stated we use

Wabs = 0.1, Wprog = 20, Wing = 0.3, Wiazy = 20,  (B.13)

e=5%10"3,  Agme = 0.01. (B.14)

These values give a reward distribution with non-trivial vari-
ance while keeping r; in a moderate range for SAC. In prac-
tice, we tune the weights as follows. We first fix wyps to a
small constant that preserves the absolute similarity bonus
without dominating the other terms, then adjust wpe SO
that genuine progress toward the retrieved successor frame
is reliably rewarded. If the agent tends to move without
approaching the target view, we slightly reduce wpe and
increase wo. If the policy learns to idle at viewpoints
that already match the target frame, we increase wia,y (and,
if necessary, €) to strengthen the anti-idling penalty. The
per-step time cost Aime is kept small and is only increased
when trajectories become unnecessarily long. The residual
{» penalty from the semantic reward in main-paper Sec. 3.3
is disabled in our final experiments, that is, we set Ades = 0
and let the tanh-squashed residual range control the magni-
tude of Aa;.

SAC hyperparameters. We use a standard off-policy Soft
Actor—Critic setup on top of the shaped reward in Eq. (B.12).
The discount factor is y = 0.98. The SAC temperature « is
adapted online to match a target entropy. We maintain log «
as a learnable scalar and update it with

-E(x == (log a) (10g7r¢(Aat|ct) +7{target)a (B-IS)
where Hiyrger is proportional to the dimensionality of the
residual action. Since Aa; lives in a 4 x 4096 latent space,
we set

Hiarger = —k - (4-4096), « =0.25, (B.16)



which encourages a moderately stochastic residual policy
while still exploiting the shaped reward.

Both actor and critics are trained with Adam optimiz-
ers [19]. We use learning rates

Iractor = 3X 1074 Irgrivic = 3% 1074, 1r, = 3% 1074, (B.17)

with default Adam momentum parameters and no weight de-
cay. The replay buffer capacity is 2 x 10° transitions, and
we start SAC updates once the buffer contains at least one
mini-batch. Each update samples a batch of size B = 32 and
performs one critic update, one actor update, one tempera-
ture update, and a soft target update. The target critic Q 5 is
updated by Polyak averaging with coefficient

7=0.005, 0 (1-7)0+716 (B.18)
after every gradient step. The discount y and 7 are kept fixed
across all experiments, and we verify that moderate changes
around these values have little qualitative effect on EFN’s
behavior.

Training loop. Algorithm B.l summarizes the training
loop that combines retrieval, reward shaping, and SAC. We
emphasize that the frozen VLA backbone and experience
bank are treated as environment-side components; gradients
never flow into the backbone or the bank.

This procedure realizes the conceptual objective in main-
paper Sec. 3.3: EFN learns a residual policy that steers F, |
toward the retrieved successor frame F* while discouraging
degenerate idling and overly long trajectories.

B.3. EFN Architecture and Implementation

EFN operates on the latent interface exposed by the frozen
vision—language—action (VLA) backbone. At each non-
blank step, the backbone provides a set of visual patch em-
beddings of shape (256,4096) and a small number of latent
action tokens of shape (4,4096). For the current state and
the retrieved experience state, EFN receives both the visual
embeddings and the latent tokens and predicts a residual in
the same latent space, which is added to the backbone action
tokens. All EFN parameters are trained while the backbone
remains fixed, so only this residual branch is updated.

To keep the architecture lightweight yet expressive, we
first compress the long visual sequence into a few learned
latent vectors. This is implemented with a Multihead At-
tention Pooling (MAP) block inspired by Set Transformers
and UniVLA [8]. A bank of learned seed vectors plays
the role of latent queries, while the per-patch visual em-
beddings act as keys and values. A custom attention mod-
ule projects seeds and visual inputs into multihead query,
key and value tensors, performs scaled dot-product atten-
tion, and projects the attended seeds back to the embedding
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Algorithm B.1 EFN training with reward shaping and SAC

1: Initialize frozen VLA policy 7y, experience bank B, residual
actor 7, critics Qg , O, , target critic 0 5, , temperature , and
replay buffer D.

2: for each training epoch do

3: Reset environment and obtain initial observation sg; ex-
tract vision features F and base action a(()()) from .

while episode not terminated do

5: Query the experience bank with (F, instruction) to re-
trieve (F, 4, F*, ¢).

6: Form context ¢, = enc(F,,afO),F‘, 4,{) and sample
residual Aa; ~ g (-|c;).

7: Execute corrected action a, = a,(() ) 4 Aa, in the envi-
ronment and observe next state s;,, features F,,;, and done
flag d;.

8: Compute similarities

. ~ . . ~ . .
S?em = 51m(F[+1,F+), s;ur = sim(F;, F), S: = sim(F;+1,F;),

then construct a;, p;,m;,n, and reward r; according to

Eq. (B.12).
9: Store transition (¢;, Aa,, 7, €41, d;) in D.
10: if |D| > B then
11: Sample a mini-batch from 9 and compute critic

targets y, with the soft Bellman backup using O, and @ as in
main-paper Sec. 3.3.

12: Update critics by minimizing Liiic and update ac-
tor by minimizing Lyctor-

13: Update temperature « toward the target entropy and
apply Polyak averaging to refresh Q..

14: end if

15: Sett «—r+1.

16: end while

17: end for

Table B.1. Per-step latency of EFN variants. The full actor—critic
configuration is used as reference.

Variant Latency (ms / step)] A vs full EFN
policy+critic, 2-layer enc. 48.96 0.00%
policy only, 2-layer enc. 27.89 —43.04%
policy only, 1-layer enc. 26.01 —46.89%
policy only, 2-layer enc., 1536-d 43.48 —11.21%

dimension. Each MAP block is wrapped with RMS normal-
ization and a position-wise feed-forward network. The feed-
forward network uses a SwishGLU unit that applies a linear
projection to twice the hidden size, splits it into a value and
a gate, modulates the value with a SiLU-activated gate, and
maps back to the embedding dimension. This yields com-
pact latent representations of the current and retrieved views
instead of operating directly on all 256 visual patches.

The EFN policy network uses two MAP blocks to obtain
visual latents for the current and retrieved states, each with
four latent vectors of dimension 1024. The current and re-



trieved latent action tokens are projected into the same 1024-
dimensional space. For cross-conditioning, EFN concate-
nates the pooled current visual latents, pooled retrieved vi-
sual latents, and retrieved latent tokens along the sequence
dimension, yielding a context sequence of length 12. The
projected current latent tokens serve as queries. A multihead
attention layer with layer-normalized queries, keys, and val-
ues computes an attended representation of the four query
tokens over this 12-token context. A small feed-forward
block with normalization and dropout refines these tokens,
and a two-layer Transformer encoder with pre-normalization
further processes the four-token sequence to capture interac-
tions among the latent dimensions. A final LayerNorm and
a three-layer MLP map each token back to the original 4096-
dimensional latent space, with a tanh activation and explicit
clipping to keep the residual inside a controlled range. The
output is a residual tensor of shape (4,4096) that is added
to the backbone latent action tokens. At deployment, we run
this policy branch in inference mode and feed the refined
latent tokens to the frozen VLA head without any further
gradient updates.

For actor—critic training we pair the policy with a critic
that shares the same inputs but has a simpler structure. The
critic uses MAP blocks with a single latent per view to ob-
tain global visual summaries for the current and retrieved
states, and uses mean pooling over the four latent tokens fol-
lowed by a linear projection to obtain compact token sum-
maries. The four resulting vectors are concatenated into a
single feature of size 4 X 1024, normalized with a float32
layer normalization for numerical stability under mixed pre-
cision, and passed through a multi-layer perceptron that out-
puts a scalar value. The critic is used only during training to
provide value estimates for the Soft Actor—Critic objective;
at test time only the policy branch is active.

To quantify the overhead introduced by EFN itself, we
benchmark several variants of the residual module under the
same latent interface. Table B.1 reports per-step latency for
the full actor—critic configuration and for lighter policy-only
variants. Removing the critic already reduces latency by
more than 40%, and a one-layer encoder achieves the lowest
cost while preserving the interface, which confirms that EFN
adds only a modest runtime overhead on top of the frozen
backbone.

B.4. Simulation Setup and Baseline Configurations

We now detail the simulation benchmarks, backbone poli-
cies, evaluation protocol, and baseline implementations
used in our experiments.

Benchmarks. We primarily evaluate on the LIBERO
long-horizon manipulation benchmark [25], which provides
language-conditioned tabletop tasks in a simulated kitchen.
Following the official protocol, we use the four standard
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suites: LIBERO-Spatial, LIBERO-Object, LIBERO-Goal,
and LIBERO-Long. Each suite groups tasks that empha-
size spatial reasoning, object-centric manipulation, goal-
directed rearrangement, and extended multi-step interac-
tions, respectively. As reported in Table 1 in the main paper,
our EFN variants consistently achieve the highest average
success rate across all four suites under the same backbone
and interaction budget.

Backbone policies. Across all experiments, EFN wraps a
frozen vision—language—action backbone. For the LIBERO
simulations, we use the officially released checkpoints and
configurations of OpenVLA [18] and UniVLA [8] with-
out architectural modifications. For the real-world experi-
ments, we employ the publicly released AgiBot GO-1 [7]
controller as our backbone and keep its perception and low-
level control stack unchanged. Its performance on LIBERO
is reproduced by strictly following the official README in-
structions (training script, hyperparameters, and evaluation
protocol); we do not perform additional tuning specific to
our method, and all baselines share the same backbone ini-
tialization.

Evaluation protocol. Unless otherwise stated, all re-
ported numbers are averaged over 50 evaluation episodes
per task and 3 random seeds (i.e., 150 rollouts per cell in
Table 1 in the main paper). During evaluation, policies act
deterministically by using the mean action of the underly-
ing stochastic policy (SAC) and the deterministic retrieval
rule of each method. An episode is marked as Success if the
environment-specific success flag is triggered before the task
horizon; otherwise it is counted as a failure. The Step metric
counts the number of control steps from the first non-blank
action until success or timeout, where we ignore the initial
blank warm-up steps (e.g., simulator loading and robot set-
tling) that occur before the policy starts issuing meaningful
actions.

Having fixed the benchmarks, backbones, and evaluation
protocol, we now describe the baseline families that we com-
pare EFN against. All baselines share the same frozen VLA
backbone, experience bank (when applicable), and interac-
tion budget as EFN.

B.4.1. KNN-RAG (nearest-neighbor retrieval).

We implement a non-parametric KNN-RAG baseline that
controls the agent purely by retrieving and reusing past ac-
tions from the experience bank, without learning any resid-
ual policy. At each non-blank step, we encode the current
observation and language instruction with the same frozen
VLA backbone used by all other methods and obtain a joint
visual-language key. This key is compared to all step-level
keys stored in the experience bank (main-paper Sec. 3.2) us-
ing cosine similarity, and we select the single nearest neigh-



bor in this embedding space. The action stored in that re-
trieved transition is then directly executed as the agent’s ac-
tion at the current step, i.e., the controller simply “copies
what worked before” for the most similar past state.

In contrast to residual methods, kNN-RAG does not in-
troduce any additional trainable parameters and does not up-
date the backbone or learn an adaptation head; its behavior
is fully determined by the fixed VLA encoder, the similarity
metric, and the contents of the experience bank. This makes
kNN-RAG a strong retrieval-only baseline: it benefits from
semantic retrieval over rich past trajectories, but lacks the
capacity to adjust or interpolate actions when the retrieved
state is only approximately similar to the current situation,
exposing the limitations of naive action copying from mem-
ory.

B.4.2. ResAct-style residual RL baseline.

We further implement a ResAct-style residual RL base-
line that adapts the core ideas of ResAct [29], namely
observation-difference features and action residuals, to our
VLA setting. To keep the comparison fair, this baseline
shares the same frozen vision—language—action backbone
and residual RL infrastructure as our other methods. Ateach
time step ¢, we obtain a visual embedding fyis(o;) from the
VLA’s visual tokens (e.g., pooled over patches), along with
proprioceptive features fprop(x;) and an instruction or goal
embedding e(£). In addition, we cache the previous-step
visual embedding fyis(0;-1) and executed action a,_;, and
form an observation-difference feature

di = fuis(01) = fuis(01-1), (B.19)

optionally passed through a small MLP and LayerNorm for
dimensionality reduction and stabilization. The resulting
ResAct state is the concatenation

SREA = [ £2(00), dyy ar—1, Forop(xe), €(0)],

which exposes both the absolute scene content and its re-
cent change, together with the previous control signal, to the
residual policy.

On top of this state representation, we reuse exactly the
same residual RL architecture as in our main baseline. The
actor receives sRA° and outputs a residual action a'®* ~
ng(a | sResA), while the critic estimates Q g (sReSACt, gles
The final control command is still defined as an additive re-

finement to the frozen backbone action,

(B.20)

base

a; = (l, res

+a;”,

(B.21)

so that we modify only the state input to the residual branch
rather than changing the action parameterization. Train-
ing uses the same Soft Actor—Critic recipe and hyperpa-
rameters as our residual baseline (discount factor, learn-
ing rates, batch size, target update schedule, replay buffer
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size, etc.), and relies solely on the environment reward "™
without any retrieval or similarity-based shaping. During
both training and evaluation, we maintain the cached pair
(fvis(0¢-1), as—1) online (with fiis(o_1) and a_; initialized
from the first step), ensuring that ResAct operates under the
same backbone, data, and interaction budget as our other
baselines while explicitly leveraging observation differences
and previous actions in its residual policy.

B.4.3. R2A-style retrieval-augmented baseline

We also implement a retrieval-augmented RL baseline in-
spired by R2A [13] on top of the same frozen VLA back-
bone as EFN. Because the original R2A is designed for
value-based, non-residual control with a specialized dual-
process architecture and multiple auxiliary objectives, we
do not attempt a bit-level reproduction. Instead, we con-
struct an R2A-style retrieval-augmented SAC that preserves
the core idea of conditioning the policy and critic on a
retrieval-derived context vector, while adapting the design to
our continuous-control, residual-on-VLA setting. Through-
out this section we explicitly refer to this baseline as an
adapted implementation and keep all SAC hyper-parameters
and backbone interfaces identical to those of EFN for a fair
comparison.

State representations and experience storage follow our
EFN setup. At each step ¢, we form a state embedding

St = [fvis(at)a fprop(xt)’ 9(5)17

where fis is the pooled visual embedding from the frozen
VLA, foop encodes proprioceptive signals (joint angles,
end-effector pose, etc.), and e(¢) is the language embed-
ding of the task instruction. We reuse the same step-level
experience bank as EFN, but for R2A-style retrieval we ad-
ditionally precompute keys k; = fiey(s;) for stored states s;
using a small MLP. At decision time we compute a query
4t = fquery(s;) (sharing parameters with fiey in our imple-
mentation), perform k-nearest-neighbor search over {k;} us-
ing cosine similarity, and obtain indices {i,...,ix}. For
each neighbor we build a retrieval feature §;, by concatenat-
ing its state, executed action, and scalar reward, and aggre-
gate them with a single-head attention module:

(B.22)

( CI;T Wasi j & ~
«j = softmax —) R Uy = Z a; Wy5i,,
\/z j*l
(B.23)
which yields the retrieval context u, that summarizes task-
relevant past experience.

On top of the frozen VLA backbone, we train a resid-
ual SAC agent that receives both s, and u,. The backbone
produces a base action a?™¢ = 7y A (0;, ), while the resid-
ual actor outputs a;* ~ m4(a | s;,u,), and the executed
action is a, = a?™° + @™, The critic is similarly condi-
tioned on the retrieval context, Q ¢ (s;, 4, a,), and is trained



with the standard SAC objective using only the environment
reward {™; we do not introduce any similarity-based re-
ward terms or additional auxiliary losses. At training time,
every sampled transition from the replay buffer recomputes
u; and u, 1 via the same retrieval procedure, and at evalua-
tion time we freeze all parameters and keep retrieval active,
so that adaptation arises purely from the parametric policy
and value functions conditioned on u,. This design captures
the central principle of R2ZA—using retrieved experience as
an additional context for decision making—while remaining
compatible with our residual continuous-control setting and
avoiding the heavy slot-based memory, bidirectional RNNs,
and information-bottleneck losses of the original algorithm.

B.4.4. GC-TTT-style test-time training baseline

We additionally implement a goal-conditioned test-time
training (GC-TTT) baseline adapted to our VLA+residual
setting. Concretely, we treat our residual SAC policy (a
residual head on top of a frozen VLA backbone) as a goal-
conditioned policy and pair it with an offline replay buffer
D collected during pre-training. Each transition in D stores
(s¢,a¢,7¢, S41, g) together with the state embedding z, =
Jenc (5¢) and goal embedding e(g) used by our main method.
For every episode in D we also precompute a discounted
trajectory return Ry = 3, v'r; and attach this scalar to all
transitions from that episode, which serves as a simple mea-
sure of trajectory quality.

At evaluation time, given a new goal g* we perform a
single GC-TTT update before running the episode. From
the initial observation oy we obtain the state embedding
20 = fenc(s0) and compute a relevance score for each stored
transition i as

sim; = cos(zo, z;) + A cos (e(g%), e(g:)), (B.24)
where A balances state and goal similarity. We first select
the top-M transitions by sim; to form a relevant subset Dy,
and then rank them by the associated trajectory return Ryp;.
Keeping only the top g-th percentile yields a high-quality
subset Dyood (50, &%) that is both close to the current state—
goal pair and drawn from successful trajectories.

We then adapt the residual policy parameters ¢ on
Diood (50, g*) using a small number N of gradient steps of a
behavior-cloning loss,

LoctT(9) = ~E (s~ Dyoua | 108 T (i | 51,87

(B.25)
while keeping the VLA backbone frozen. After these up-
dates, the adapted policy 7, is used to control the robot
for the entire episode. At the end of the episode, we reset ¢
back to the pre-trained weights ¢( and repeat the same pro-
cedure for the next evaluation goal. Compared to the origi-
nal GC-TTT formulation, our implementation is a critic-free
variant that relies on trajectory returns instead of a learned
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value function and only adapts the lightweight residual head.
We therefore view this baseline as an “adapted GC-TTT” in-
stantiation tailored to our VLA setting rather than an exact
reproduction of the original system.

B.5. Real-World Setup and Task Specifications

Hardware and environment. All real-world experiments
are conducted on an AgiBot-G1 manipulator mounted next
to a fixed tabletop workspace. The arm is controlled in
Cartesian space at 10 Hz using position and gripper com-
mands issued by the frozen VLA backbone (and EFN, when
enabled). A calibrated RGB(-D) camera is rigidly mounted
above the workspace and looks down at the table and shelf;
its images are resized to the same resolution as in simula-
tion and fed directly into the VLA visual encoder without
additional preprocessing. The shelf, box, and drawer are an-
chored at fixed positions in front of the robot, and all objects
are restricted to a safe reachable workspace.

Task specifications. We instantiate four real-world ma-
nipulation tasks that mirror the long-horizon, language-
conditioned scenarios used in simulation: BottlePlace,
ShelfSort, StockLift, and DrawerStore. Each task is de-
fined by (i) an initial object configuration, (ii) a target region,
and (iii) a success condition.

BottlePlace. A plastic bottle is placed on the tabletop within
a fixed start region in front of the right arm. A small open
box is placed to the side of the table and is treated as the
goal region. The task is considered successful if the bottle
ends in the interior of the box (its 3D center lies inside the
pre-defined box region) and the right gripper is fully opened
at the end of the episode. A typical language command is:
“Use your right arm to pick up the bottle and place it into
the box.”

ShelfSort. Several drink containers (e.g., cans and bottles
with different labels) are arranged on a tabletop shelf, with
at least one item of the same category already present in a
designated “cluster” region. Another drink from the same
category is placed on the shelf in a randomized start posi-
tion. The success condition requires that the target drink
is placed within the cluster region next to visually similar
items (within a fixed 3D tolerance) and that the right grip-
per is released. An example language instruction is: “Grasp
the drink from the shelf with your right arm and place it next
to the similar drinks, then open the gripper.”

StockLift. A stack of identical cans is placed on a small aux-
iliary tabletop, and a separate shelf contains an empty spot
marked as the goal region. The top can of the stack is always
designated as the object to manipulate. The task is success-
ful if the robot lifts the top can from the stack, moves it to
the shelf, and leaves it resting within the predefined goal re-
gion with the right gripper open. A representative command
is: “Pick up the top can from the small table with your right



arm and place it onto the shelf, then release.”
DrawerStore. A packet of napkins is placed on the main
tabletop within reach of the right arm. A drawer in front
of the robot starts in the closed position and serves as the
storage location. The robot must (1) use the left arm to pull
the drawer open beyond a minimum displacement; (2) use
the right arm to grasp the napkin packet from the tabletop;
(3) transfer the packet from the right gripper to the left grip-
per; and (4) place the packet into the drawer interior. The
episode is marked as successful if, at termination, the nap-
kins lie fully inside the drawer volume and both grippers
are open. An example language instruction is: “Open the
drawer with your left arm, pick up the napkin packet with
your right arm, hand it to the left arm, and place it into the
drawer.”

Per-episode protocol and experience logging. For all
four tasks, each episode begins from a manually reset initial
configuration with objects placed in their designated start
regions and the arms in a neutral pose. At each control step,
the overhead camera image and the language instruction are
passed through the frozen VLA backbone to produce an ac-
tion proposal; EFN (or other baselines) then optionally mod-
ifies this proposal before it is sent to the low-level controller
at 10 Hz. We cap the horizon at a fixed maximum number of
steps (typically 60-80, depending on the task); if the success
condition is met earlier, the episode terminates immediately.
On failure (timeout, dropped object, or clear deviation from
the goal), the episode is terminated and the environment is
manually reset.

During deployment with EFN, we maintain an online
experience bank that stores real-world rollouts. For each
successful episode, we record the RGB images, language
instruction, latent visual embeddings, latent action tokens,
and executed actions at every non-blank step, and append
these transitions to the experience bank. Failed or aborted
episodes are not written to the bank by default to avoid con-
taminating the retrieval database with suboptimal behaviors.

Safety considerations. All experiments are run with con-
servative joint and workspace limits, velocity and torque
bounds, and soft joint limits enabled on the AgiBot-G1 con-
troller. Episodes are immediately stopped and reset if any
potential collision or unsafe configuration is detected. These
safety measures slightly reduce the usable workspace but do
not otherwise affect the task definitions or evaluation proto-
col described above.

C. Rationale behind Design
C.1. Design Objectives and Constraints

Our starting point is a practical limitation of current vision—
language—action (VLA) policies: once trained and de-
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ployed, the backbone is typically frozen and cannot learn

from new experience collected in the target environment.

However, real-world deployment quickly exposes distribu-

tion shift, long-horizon credit assignment issues, and subtle

failure modes that are hard to anticipate in advance.

Our primary objective is therefore to endow a frozen VLA
backbone with a mechanism that can still “become smarter”
over time at deployment, improving success rate and reduc-
ing action steps by exploiting past executions, without ever
modifying backbone weights. This objective is shaped by
several hard constraints arising from realistic deployment
scenarios:

* No backbone finetuning. The core VLA policy is treated
as a fixed, pre-trained component. We do not update its
parameters during deployment; all adaptation must occur
through an auxiliary module that interfaces with its latent
representations.

* Limited compute at deployment. Real robots and em-
bedded platforms cannot afford frequent, large-scale fine-
tuning or replay-based training. Any learning or adap-
tation mechanism must be lightweight, incremental, and
compatible with strict latency and memory budgets.

» Safety and reproducibility. Deployment-time changes
must be controlled and auditable. Residual corrections
should stay in a safe regime (e.g., not arbitrarily overrid-
ing the backbone), and the overall procedure should re-
main stable enough to reproduce results across runs and
hardware setups.

* Backbone-agnostic interface. The adaptation mecha-
nism should generalize across different VLA architectures
(e.g., OpenVLA, UniVLA, AgiBot-G1 controllers) with-
out requiring backbone-specific surgery. This motivates
operating purely on the shared latent interface (visual to-
kens, language tokens, and latent action tokens) exposed
by the frozen policy.

* Minimal code and system changes. To ease integration
into existing stacks, we aim to attach a thin “add-on” mod-
ule on top of the VLA’s latent action interface, rather than
redesigning perception, language processing, or low-level
control.

All subsequent design choices in our framework, includ-
ing experience storage, retrieval, residual policy architec-
ture, and training objectives, are made to satisfy these con-
straints while serving the central goal of deployment-time
improvement with a frozen backbone. The proposed Experi-
ence Feedback Network (EFN) should therefore be viewed
as a minimal, safe, and portable layer that augments a uni-
fied VLA policy with post-deployment learning capabilities,
rather than a replacement for the underlying model.

C.2. Why a Frozen VLA with a Residual Head?

Given the objectives and constraints in Sec. C.1, we delib-
erately start from a frozen vision-language—action (VLA)



backbone and attach a light residual head, instead of (i) di-
rectly finetuning the large model at deployment, or (ii) re-
training a new policy from pixels to actions.

Continuing to finetune the backbone online is con-
ceptually simple but practically fragile. It requires non-
trivial compute and memory on the robot, frequent gradi-
ent updates, and careful replay management to avoid catas-
trophic forgetting. More importantly, aggressive finetun-
ing risks damaging the strong cross-task generalization that
large VLAs have already acquired on benchmarks such as
LIBERO and our real-world AgiBot-G1 tasks. Once the
backbone drifts, it is difficult to guarantee reproducibility
across deployments and hardware.

On the other hand, discarding the VLA and retraining a
full pixel-to-action policy would forfeit the benefits of large-
scale pre-training altogether. Such a design would be data-
inefficient, slow to adapt in deployment, and tightly coupled
to a specific robot and environment, contradicting our goal
of a backbone-agnostic, reusable mechanism.

A residual head offers a middle ground. We keep the base
policy’s action a"®° as the default behavior and learn only a
small correction Aa;:

base

ar =a;"" + Aay. (C.1)

This preserves the backbone’s strong generalization and
task coverage, while allowing EFN to refine local decisions
where the base policy systematically underperforms. Be-
cause the residual only needs to model deviations from a
competent policy, it is more sample-efficient and typically
more stable to train, consistent with the intuition behind
residual policy learning and ResAct-style methods [29].

Our ablations further support this design. When we re-
place the residual head with a standalone action predictor
that ignores the base action (“no residual / direct action
prediction”), performance drops in both success rate and
step efficiency (see Appendix Section E.2). In other words,
throwing away the base action and asking the small head to
solve the entire control problem again is strictly worse than
learning corrections on top of it.

Compared to prior residual RL baselines such as Re-
sAct, EFN’s residual is retrieval-driven rather than blind:
the correction Aa; is conditioned on the current latent state
and on retrieved experience that encodes how similar sit-
uations were handled in the past. This retrieval-guided
residual design is central to EFN: it lets us keep the back-
bone frozen, leverage its existing generalization, and still
obtain deployment-time improvements through small, data-
efficient adjustments.

C.3. Why an Episodic Experience Bank?

To support deployment-time improvement with a frozen
backbone, we organize past executions into an episodic ex-
perience bank. Instead of storing isolated transitions, we
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keep complete rollouts 7 = {(o;, ay, . . . )}tT:l together with
their language instruction and outcome. At the trajectory
level, we encode the instruction into a fixed-dimensional em-
bedding ¢, which is used for instruction-filtered retrieval
during deployment. At the step level, we store compact vi-
sual features, retrieval keys, and the corresponding base ac-
tions. This two-level structure lets us first select a small set
of candidate episodes that match the current instruction, and
then perform fine-grained, step-wise retrieval of locally sim-
ilar states within those episodes.

The retrieval key for each step combines mean and max
pooled features. Concretely, given a set of visual tokens
{vi}N,, we compute

1
n= Z vi, (C2)
m =maxv; (element-wise), (C.3)
k = LN([p;m]), (C4)

and L2-normalize k before computing cosine similarity. In-
tuitively, the mean component captures the global scene
configuration, while the max component emphasizes salient
objects and local cues that may be critical for manipula-
tion. L2-normalization followed by cosine similarity yields
a scale-insensitive, numerically stable similarity measure
across different backbones and environments. In practice,
we found this mean-max fusion more robust than simple
global average pooling alone, which tended to produce nois-
ier neighbors and more sensitivity to background clutter.

We further impose two simple but important priors in
retrieval: instruction filtering and an efficiency prior. In-
struction filtering uses £, to restrict retrieval to episodes
whose language embedding is close to the current instruc-
tion, which reduces harmful cross-task transfer on multi-
task benchmarks such as LIBERO and prevents the agent
from imitating “good actions for the wrong task.” The
efficiency prior biases the bank towards shorter success-
ful trajectories: during offline construction and online re-
trieval, we prefer episodes that reach success in fewer steps.
This aligns with deployment-time goals (reusing concise,
high-quality behaviors) and empirically improves both suc-
cess and step efficiency; removing instruction filtering or
the length prior (“w/o instruction embed”) degrades perfor-
mance in our ablations (see Appendix Table D.1).

Finally, we emphasize that the experience bank and its
retrieval interface are shared across all retrieval-based base-
lines. kNN-RAG, R2A-style, GC-TTT-style methods, and
EFN all operate on the same episodic bank, use the same
key/query construction and cosine similarity, and differ only
in how they consume the retrieved neighbors (direct action
copying, test-time gradient updates, or retrieval-conditioned
residuals). This shared interface ensures that EFN does not
benefit from any hidden advantage at the retrieval level; im-



provements arise solely from how retrieved experience is in-
tegrated into action selection.

C.4. Why Residual Policy Optimization Instead of
Direct Action Prediction?

From an optimization perspective, directly predicting ac-
tions with a new lightweight head is equivalent to discard-
ing the base policy altogether. The new actor must re-learn
the full mapping from latent state to action, effectively re-
constructing the entire action manifold of the task. For a
small network trained from sparse, delayed rewards at de-
ployment, this is a hard problem: the search space is large,
gradients are noisy, and the sample complexity is high. In
practice, such a head tends to overfit to a small set of tra-
jectories and fails to reliably generalize across the diverse
scenes and tasks that the frozen VLA backbone already han-
dles well.

Residual policy optimization takes a different view. In-
stead of learning a fresh action a}*%, EFN learns a correction
Aa, around the base action a?¢:

base

ar = a;”" + Aay. (C.5)

This constrains the RL search space to a local neighborhood
of a¥®*, which is already a strong, pre-trained solution. The
residual head only needs to model how to adjust actions in
cases where the backbone is systematically biased or un-
derspecified, rather than solving the whole control problem
from scratch. This local parameterization smooths the opti-
mization landscape, reduces the effective dimensionality of
the problem, and makes gradient-based updates more stable
and data-efficient. Moreover, when retrieval is unreliable or
EFN is uncertain, the learned residual naturally shrinks to-
wards zero, and the agent safely falls back to the base action
a‘;)ase‘

Our ablations corroborate this reasoning: a variant that
replaces the residual optimization with direct action pre-
diction (ignoring ab®¢) consistently underperforms EFN in
both success and step metrics (see Sec. E and the “direct
action prediction” rows in the supplementary tables). These
results suggest that, under a frozen VLA backbone, optimiz-
ing a retrieval-conditioned residual is a strictly more favor-
able formulation than learning a standalone action head.

C.5. Why Similarity-shaped Dense Rewards and
the Anti-idling Design?

The reward decomposition in main-paper Fig. 4 is designed
to turn retrieval into a dense and behaviorally aligned learn-
ing signal, rather than relying solely on sparse task success.
A naive starting point is to reward the agent by how well
its next observation matches the retrieved next frame, e.g.,
a cosine similarity term a, € [0, 1] between the actual next
visual embedding and the retrieved target. This already pro-
vides a dense signal at every step, but it also introduces a
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failure mode: the agent can exploit the reward by finding
a visually similar pose and then “vibrating in place,” main-
taining high similarity without making real progress toward
task completion.

To avoid this, we explicitly split the similarity-shaped re-
ward into components that distinguish progress from stag-
nation. The progress term [ p; ], measures how much closer
the agent moves towards the retrieved next frame compared
to the previous step, and only positive progress is rewarded.
This encourages trajectories that steadily approach the re-
trieved outcome, rather than merely staying close once a
high-similarity configuration is found. In addition, we intro-
duce a motion term m, and an anti-idling penalty weighted
by wiazy: steps that change the scene or end-effector state
in a meaningful way are rewarded, whereas near-static steps
(high similarity but negligible motion) are penalized. Fi-
nally, a temporal coefficient Ay discourages unnecessarily
long trajectories, biasing the policy towards concise, deci-
sive behaviors that reach success in fewer steps.

From this perspective, the reward is not a black-box sig-
nal delegated entirely to SAC to “figure out” credit as-
signment; instead, it directly encodes our behavioral pref-
erences: (i) match good retrieved futures, (ii) move fo-
ward them rather than hovering idly nearby, and (iii) reach
them quickly. The ablations in Table D.1 (also summarized
in main-paper Fig. 4) support this design. Removing the
similarity-shaped dense terms (“‘w/o dense rewards”’) and re-
lying only on sparse task success leads to lower average suc-
cess and less consistent improvements over OpenVLA, indi-
cating that the dense retrieval-based components are crucial
for effective post-deployment learning. Dropping the anti-
idle terms (“w/o anti-idle”) yields a policy that attains simi-
lar success but with noticeably longer episodes, confirming
that, without explicit penalties on idleness, the agent tends
to favor visually safe but inefficient behaviors. In contrast,
the full EFN reward decomposes the similarity signal into
progress, motion, anti-idle, and time components, produc-
ing the best overall trade-off between success and step effi-
ciency on LIBERO.

C.6. Why Reinforcement Learning for EFN?

A natural question is why EFN is trained with reinforcement
learning rather than supervised learning. The core reason is
that our training signal is defined through the environment
dynamics and therefore does not admit straightforward back-
propagation. As described in Sec. 3.3, after executing a, the
environment advances to a new state s;,; with vision fea-
tures F;.;. We then define a dense semantic similarity re-
ward

sem

r™ = cos(u(Fr41), u(F)), (C.6)

where F* is the retrieved next-frame feature and u(-) is a
projection into the similarity space. Both s;4; and F,
are only revealed after interacting with the simulator or real



Effect of EFN Volume on Libero Dataset (OpenVLA)

©
o
L

<]
v

X 80

] —

& 75 A

wn

& 70

1o

E

? 651 —e— Spatial
60 1 Object

—e— Goal

55 —e— Long

400 600 800 1000

Experience Bank Volume

(a) LIBERO tasks

Effect of EFN Volume on Real-World Tasks (GO-1)

®
o
L

~
o
L

o
o
L

vl
o
L

IS
o
L

Success Rate (%)
w
o

—e— BottlePlace
ShelfSort

—o— StockLift

—e— DrawerStore

N
o
L

=
o
L

400 600 800 1000

Experience Bank Volume

(b) Real-world tasks

Figure C.1. Performance consistently improves as the experience bank grows in both simulated LIBERO tasks with OpenVLA and real-
world manipulation tasks with GO-1. Here, the bank volume refers to the number of stored trajectories (episodes) in the experience bank.

robot. Since the transition s; a s;+1 1s non-differentiable
and we do not have a tractable model of the environment, we
cannot propagate gradients from r{*™ back through the dy-
namics to EFN parameters as in standard supervised learn-
ing. Instead, we are precisely in the canonical RL setting:
EFN chooses actions, observes next states and rewards from
a black-box environment, and must improve its policy from
these interaction signals.

Within RL, we adopt Soft Actor—Ceritic (SAC) for training
EFN. First, our control space is continuous (especially on the
real AgiBot-G1 platform), making SAC a natural choice as
a widely used off-policy algorithm for continuous actions.
Second, the off-policy nature of SAC lets us aggressively
reuse transitions from the experience bank and the ongoing
rollouts, which aligns with our central theme of “learning
from experience” rather than discarding past data. Third,
SAC'’s entropy regularization is particularly helpful in our
residual setting: it encourages exploration instead of col-
lapsing too early to the trivial solution Aa, ~ 0, and sta-
bilizes learning when the dense similarity-shaped rewards
and anti-idle penalties are combined.

Our ablations support these design decisions. When we
remove SAC and rely only on a value-style critic without the
entropy-regularized actor update (“w/o SAC’’ in Table D. 1),
EFN’s improvements over the backbone shrink in both suc-
cess and step metrics. In contrast, the full SAC-based op-
timization leverages the dense similarity rewards and the
retrieval structure to deliver consistent gains on top of a
frozen VLA policy. Overall, reinforcement learning—and
SAC in particular—fits our design philosophy: a lightweight
optimization layer that operates on the VLA’s latent inter-
face, reuses interaction experience, and learns directly from
deployment-time feedback without modifying any backbone
weights.
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C.7. Why Live Experience Growth at Deployment?

Our deployment-time design explicitly separates what can
change (the experience bank) from what remains fixed (the
VLA backbone and EFN weights), so that the system can
adapt in the field without sacrificing stability.

Why not update network parameters at deployment?
Updating parameters online turns deployment into test-
time training (TTT), which easily leads to instability and
hard-to-debug performance collapse; our GC-TTT base-
line empirically illustrates this risk. Moreover, backprop-
agating through a large VLA in the wild is compute- and
engineering-heavy, and makes it difficult to guarantee la-
tency and reliability. Keeping the backbone and EFN frozen
also simplifies reproducibility: a fixed set of weights yields
consistent behavior, whereas a continuously updated model
is a moving target whose behavior depends on its entire on-
line training history.

Why still grow the experience bank? Freezing weights
does not preclude “learning from experience”: EFN adapts
by changing which trajectories it can retrieve, not how it pro-
cesses them. As shown in Figure C.1, enlarging the experi-
ence bank consistently improves success rates on LIBERO
and real-world GO-1 tasks, because a larger bank provides
more relevant and diverse execution snippets for residual
guidance on top of the frozen VLA. By appending only val-
idated (successful) rollouts, this live growth remains a safe
form of adaptation: the agent gains from accumulating high-
quality experiences while preserving the stability, compute
efficiency, and auditability of a frozen model.
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Figure C.2. Composition of
successful, near-successful, and
failed trajectories on LIBERO.

Figure C.3. Per-step reward dis-
tribution for successful, near-
successful, and failed episodes.

D. Discussion, Limitations, and Future

D.1. Success and Failure Experience

A key design choice in EFN is to treat success, near-success,
and failure differently at training and deployment time. Dur-
ing training, the offline bank intentionally contains a mixture
of successful rollouts, near-successful rollouts that complete
only a subset of sub-goals, and even clearly failed trajecto-
ries (Figure C.2). This is feasible because our reward r; is
defined purely from semantic feature similarity rather than a
binary success flag: any transition that moves the state closer
to a goal-consistent embedding can provide useful signal,
regardless of whether the episode ultimately succeeds.

Figures C.3 and C.4 support this design. The per-step
reward distributions show that failed and near-successful
episodes still contain many high-similarity steps, i.e., mean-
ingful partial progress. In the ablation on bank composition,
moving from S-only to S+NS consistently improves perfor-
mance, and even S+NS+F does not significantly degrade re-
sults, indicating that EFN is robust to a moderate amount of
failure noise when the reward is similarity-based.

In contrast, during deployment we only append rollouts
classified as successful to the live bank. Success detection
is fully automatic: instead of human labels, we reuse the
same feature-matching criterion as Eq. (11) in the main pa-
per and mark an episode as successful if its final state em-
bedding is sufficiently similar to the goal embedding. Fig-
ure C.5 shows that appending all rollouts (A11-rollouts)
gradually harms performance, whereas a success-only up-
date strategy maintains a cleaner bank and yields higher,
more stable success rates. A remaining limitation is that
our current detector is a simple similarity threshold; future
work could explore learned, task-aware success estimators
or soft weighting of borderline near-successes to further re-
fine which experiences are admitted into the live bank.

D.2. Experience-centric post-deployment learning

Most prior approaches to post-deployment adaptation in em-
bodied agents are implicitly parameter-centric: they treat
the agent’s weights as the primary locus of change, and fo-
cus on finetuning, test-time training, or meta-RL updates
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to continually reshape the backbone policy. In contrast,
EFN adopts an explicitly experience-centric view. Once de-
ployed, the weights of both the VLA backbone and the EFN
residual controller are frozen; the only component that con-
tinues to evolve is the experience bank. Under this perspec-
tive, learning after deployment is expressed not as further
gradient descent in parameter space, but as the incremen-
tal accumulation, organization, and retrieval of interaction
histories that remain external to the backbone.

Our empirical comparisons support this reframing.
Methods such as R2A-style retrieval-augmented RL and
GC-TTT represent the “keep updating the backbone” route:
they can improve performance, but at the cost of substan-
tial online optimization, sensitivity to hyperparameters, and
potential instability when applied to long-horizon manipu-
lation on LIBERO or to real-world AgiBot-G1 deployment.
By contrast, EFN uses a lightweight residual head together
with retrieval over a growing bank and already achieves
comparable or better gains, while leaving the underlying
VLA unchanged. This suggests that much of the benefit
commonly attributed to continual finetuning can instead be
harvested by enriching and exploiting a structured memory
of past executions, without repeatedly pushing the base pol-
icy into unexplored regions of parameter space.

Viewing post-deployment adaptation as experience
growth rather than perpetual finetuning has broader impli-
cations. It makes behavior easier to reproduce and audit,
since changes over time are driven by the content of an ex-
plicit memory store rather than opaque weight drift, and
it aligns better with realistic deployment constraints where
on-board compute and engineering budgets limit extensive
online training. At the same time, it shifts the core chal-
lenges toward curating, scaling, and querying experience
banks, for example by addressing long-term storage, re-
trieval efficiency, and coverage of rare but safety-critical
events. A more detailed rationale for each architectural
choice underlying this experience-centric design is given
in Appendix Section C; here we emphasize the concep-
tual shift from parameter-centric to experience-centric post-
deployment learning.



Table D.1. Ablation studies on the LIBERO benchmark

Method Spatial Object Goal Long Average

Succ. Step  Succ. Step  Succ. Step  Succ. Step  Succ. Step
OpenVLA 84.7 1195 884 1637 79.2 1215 537 2759 76,5 160.2
w/o SAC 804 1242 815 1709 76.7 1223 426 2823 703 161.2
w/o dense rewards 856 117.0 90.1 1614 843 1194 66.8 2709 81.7 1613
w/o instruction embed  88.1 1142 90.7 162.1 869 1168 744 2621 850 160.0
w/o anti-idle 899 1209 913 1629 882 123.1 754 2802 862 1674
OpenVLA+EFN(full) 90.2 111.8 92.0 1583 88.1 1145 75.7 2643 865 158.2

D.3. When does EFN help, and why?

Empirically, EFN helps most once the experience bank cov-
ers amodest set of fypical situations rather than an extremely
large corpus. Increasing the bank volume from O to 300
episodes already yields a major jump in performance, while
further expanding to 1000 provides only diminishing but
consistent gains (Figure C.1). This suggests that EFN is
mainly sensitive to whether common layouts, viewpoints,
and language instructions are represented, rather than to
exhaustively storing every trajectory. In benchmarks like
LIBERO, where tasks share similar manipulation structure,
even a medium-sized bank is enough for retrieval to regu-
larly surface useful precedents.

Ablations also clarify what kind of signal is needed. A
retrieval-only KNN-RAG controller that directly replays the
stored action of the nearest state often hurts performance,
indicating that “copying the past” is too brittle under small
pose or occlusion shifts. A residual-only variant (ResAct)
that ignores episodic retrieval but learns a global residual
head yields modest but stable gains, consistent with correct-
ing systematic biases of the base VLA. EFN outperforms
both by combining episodic guidance with local adapta-
tion: retrieved trajectories provide a high-level prior, while
the residual adjusts to the current observation. On the real
AgiBot-G1 tasks, the gap between 300 and 1000 episodes is
even smaller, hinting that in real deployment the task distri-
bution is more repetitive and sensor noise higher, so memory
quality matters more than sheer size. We also observe clear
failure modes: if the scene is structurally reconfigured (e.g.,
the tabletop is completely rearranged), old experiences can
become misleading, and when the base VLA is very weak,
EFN can only provide small local corrections rather than
“reviving” the policy from scratch.

D.4. Limitations

The first limitation of EFN is its reliance on the backbone
representation quality. EFN operates entirely in the latent
space exposed by the frozen VLA; if the backbone fails
catastrophically for certain objects, viewpoints, or language
instructions, both retrieval and residual correction will fail
jointly. Moreover, the current design needs a non-trivial
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number of successful trajectories before it can boost per-
formance: in extremely cold-start regimes with virtually no
successes, EFN has little useful signal to retrieve. In prac-
tice, we observe that once there are even a handful of suc-
cessful rollouts, EFN can already yield substantial gains.
For example, on the challenging DrawerStore task in the
real-world AgiBot-G1 experiments, whose base success rate
is only 5.3%, EFN increases performance to 37.3% with a
bank volume of 300 and further to 58.7% with volume 1000
(Table 2 in the main paper; visualizations in Section F). Nev-
ertheless, if the backbone truly never succeeds (e.g., close to
0% success), our method provides limited leverage, and the
more appropriate remedy is to retrain or replace the under-
lying VLA rather than rely on post-deployment experience
alone.

The second limitation concerns the size and manage-
ment of the experience bank. Under the scales considered
in this work (LIBERO simulation and our AgiBot-G1 ex-
periments), the memory footprint and retrieval latency re-
main modest, and EFN adds only a small overhead on top
of the base VLA policy, as summarized in Table 3 in the
main paper. However, in long-running deployments with
many robots or continuously operating fleets, the bank will
grow without bound unless additional mechanisms are intro-
duced. In such settings, it will be necessary to design more
sophisticated caching, compression, and replacement strate-
gies (e.g., task-aware coreset selection, time- or novelty-
based forgetting, or hierarchical multi-bank structures) to
keep both storage and retrieval cost under control while pre-
serving the benefits of rich episodic experience.

D.5. Future directions

A natural next step is to strengthen the experience interface
itself. In our current design, EFN compares the latent encod-
ings of the present observation against stored experiences,
and conditions residual actions on the retrieved matches. An
intriguing extension is to couple EFN with world models or
predictive representations, so that retrieval can be performed
in the space of future trajectories rather than only current
views. Concretely, one could predict a short-horizon rollout
under the base policy, and retrieve experiences whose suc-
cessor segments best align with this predicted future, allow-



ing EFN to correct course before errors manifest. Such pre-
dictive retrieval opens the door to uncertainty-aware guid-
ance and more robust long-horizon adaptation.

Another promising direction is to move beyond a per-
backbone, per-domain experience bank toward shared ex-
perience repositories across tasks and robots. In the present
work, each VLA backbone maintains its own experience
bank, tailored to a single domain or embodiment; this sim-
plifies training but prevents reusing experience across, for
example, OpenVLA and UniVLA or between different ma-
nipulation platforms. Future work could investigate unified
latent representation spaces or lightweight alignment lay-
ers that enable cross-robot retrieval and reuse of experience,
while guarding against negative transfer. This would turn
EFN-style mechanisms into a more general infrastructure
for pooling and distilling experience across heterogeneous
agents and environments, rather than a separate add-on for
each backbone.

E. Supplementary Experimental Results

E.1. Runtime and Memory Footprint of EFN
E.1.1. Standalone Cost

We first measure the computational footprint of EFN in iso-
lation, excluding the VLA backbone and the critic. We
instantiate the EFN policy using the same configuration
as in our main experiments (1024-dimensional embed-
ding, 2-layer Transformer encoder), and feed synthetic la-
tent and visual features that match deployment-time shapes:
(1,4,4096) latent tokens and (1,256,4096) visual embed-
dings.

Table E.1. Standalone runtime and memory footprint.

Method Bare EFN policy
Runtime (ms / step) 1.944
Param memory (MB) 208.17
Peak activations (MB) 2.59

We benchmark 200 forward passes after 50 warm-up it-
erations using CUDA event timing. As shown in Table E. 1,
EFN adds only ~ 1.94 ms per control step and incurs mini-
mal activation memory (~2.6 MB). The parameter footprint
is modest (208 MB), especially compared to the frozen VLA
backbone. These results indicate that EFN is lightweight
enough for real-time control and can be cleanly integrated
into existing policies.

E.1.2. Integration Cost

‘We next examine the end-to-end overhead when EFN is inte-
grated into the full GO-1 policy, including vision encoding,
LLM inference, and action decoding. This measurement in

23

Table E.2 reflects the actual burden added during real-world
deployment.

Table E.2. Inference-time efficiency comparison for real-world de-
ployment. Change is computed relative to the base GO-1.

GO-1

Per-step latency (ms) | 35.7
Peak GPU memory (MB) | 12,851
Avg. steps / episode | 491.8
Episode time (s) | 17.6

Metric GO-1 + EFN (ours)

37.2 (+4.2%)

13,464 (+4.77%)

435.1 (-11.5%)
16.2 (-7.9%)

Integrating EFN increases per-step latency by only 4.2%
and peak GPU memory by 4.77%, while substantially re-
ducing the number of steps required to complete an episode
(—11.5%). This yields a net improvement in real-world
episode time (—7.9%). Overall, EFN adds minimal system
overhead yet delivers measurable efficiency gains in deploy-
ment.

E.2. Residual correction vs. direct action prediction

For completeness, we also consider a “direct-action” variant
of EFN where the base VLA policy is disabled and EFN
is trained to directly output absolute actions. Concretely,
instead of

a, = a’™° 4+ Aaf™, (E.1)
we let the EFN head produce the full action
a, = at™, (E.2)

using the same frozen VLA features and the same
lightweight MLP head as in our residual formulation (see
Tab. B.1 for the architectural footprint). All other training
hyperparameters (SAC configuration, reward shaping, and
interaction budget) are kept identical to the residual version.

Table E.3. Residual vs. direct-action EFN on the LIBERO bench-
mark. The direct-action variant fails to learn and remains close to
Zero.

Method Avg. Succ
OpenVLA 76.5
OpenVLA+EFN (residual) 87.0
OpenVLA+EFN (direct-action) 0

Empirically, this direct-action EFN fails to learn mean-
ingful behavior in our environments: across both simulation
and the real-world platform, the success rate remains close
to zero throughout training (as shown in Table E.3), and the
learning curves exhibit strong oscillations rather than sta-
ble improvement. We therefore omit this variant from the
main tables and report it here only as a negative result. We
hypothesize two main reasons. First, by removing the base



policy we effectively discard the generalization ability ac-
quired by the pre-trained VLA, forcing a small EFN head
to re-learn the entire control policy from sparse rewards and
high-dimensional observations. Second, the head is delib-
erately designed to be extremely lightweight to meet our
latency budget; while this is sufficient for modeling resid-
ual corrections around a strong backbone, it appears under-
parameterized for modeling the full continuous action man-
ifold from scratch. Taken together, these findings justify our
choice of treating EFN as a residual corrector rather than a
standalone policy.

F. Visualization

To complement the quantitative results in Table 2 in the main
paper, we provide real-world demonstration videos recorded
on the AgiBot-G1 manipulation platform in the demo/ di-
rectory. For each real-world task evaluated in Table 2 in the
main paper, we include a video of the EFN-augmented pol-
icy executing the task (e.g., StockLift_with_EFN.mp4),
illustrating how the deployed agent uses retrieved experi-
ences to refine the base VLA policy and produce more reli-
able executions.

Due to space limitations in the supplementary material,
we provide one paired comparison (with vs. without EFN)
for the most challenging task, DrawerStore, whose base-
line success rate without EFN is only 5.3% while EFN
raises it to 58.7% (see Table 2 in the main paper). The
video DrawerStore_without_EFN.mp4 was obtained af-
ter nearly twenty recording attempts, reflecting the low base-
line success probability; even in this successful rollout, the
robot exhibits hesitant behavior, including repeated grasps
and an imprecise final release that almost leads to failure. In
contrast, DrawerStore_with_EFN.mp4 was recorded eas-
ily and shows a smooth, near-perfect execution of the same
task, with a decisive grasp, accurate drawer interaction, and
stable object placement. This qualitative gap is consistent
with the quantitative improvement brought by EFN and pro-
vides an intuitive illustration of how experience feedback
stabilizes behavior on the hardest real-world task.
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