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Fig. 1: RAG-Diff (Retrieval-Augmented Guided Diffusion) adapts a frozen diffusion policy at runtime, enabling it to satisfy diverse user-
specific constraints, including implicit and explicit preferences during execution.

Abstract—Robots operating in unstructured environments
must satisfy dynamic constraints that can change across tasks and
even within a single execution. While diffusion policies can learn
multimodal behaviors from demonstrations, adapting a trained
policy at runtime to newly encountered or evolving constraints
remains an open challenge.
We propose RAG-Diff (Retrieval Augmented Guided Diffusion), a
runtime adaptation framework for a frozen transformer diffusion
policy that leverages retrieval-augmented memory. RAG-Diff
maintains PrefMem, a memory bank that stores vision-language
embeddings together with (i) state-action snippets and (ii) con-
straint annotations. At test-time, RAG-Diff queries PrefMem
to retrieve the nearest entry and uses it to steer sampling
in two complementary ways. First, I-Atten (In-place Attention
recomputation) inserts the retrieved snippet as additional cross-
attention memory tokens and performs a classifier-free-guidance-
style update, biasing denoising toward preference-consistent mo-
tion. Second, a predictive guidance mechanism incorporates the
retrieved constraint parameters during diffusion sampling to
discourage violations.
To demonstrate the effectiveness of RAG-Diff, we choose physical
robot caregiving as a domain with personalized and time-varying
constraints. We first benchmark on an adapted PushT environ-
ment in simulation with contact-force limits and region-to-avoid
constraints. We then evaluated our method on a suite of physical
caregiving tasks spanning diverse preference types: (i) interaction
and affordance preferences in bed bathing, (ii) ROM-based
assistance-level preferences in medicine delivery, (iii) semantic
preferences in shelf cleaning, and (iv) trajectory preferences in
feeding, in both RCareWorld simulation and with a real robot.
We further conducted real-world user studies on a bed-bathing
task. Results show that RAG-Diff improves both task success
and constraint satisfaction compared to a range of baselines,
including unguided diffusion and other guidance- or sampling-
based variants. Website: https://emprise.cs.cornell.edu/rag-diff/.
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I. INTRODUCTION

Robots in unstructured environments must satisfy dynamic
constraints that evolve both across and within tasks. Beyond
achieving a high-level goal, these robots must handle the
evolving constraints such as modulating contact forces when
transitioning from scrubbing a stain to wiping a fragile glass
surface, or instantaneously rerouting to avoid a human arm
reaching into the workspace. A capable robot must therefore
(i) adapt to these constraints online and (ii) do so with minimal
additional training, trial-and-error, or human intervention.

To acquire manipulation skills that are necessary for these
tasks, diffusion policies have recently emerged as a strong
paradigm for learning multimodal visuomotor behaviors [7,
16, 25, 30]. However, while effective for learning a fixed
distribution of behaviors, efficiently adapting these policies
at runtime to satisfy dynamic constraints that are not fully
specified during training remains a challenge.

Prior approaches for adapting diffusion policies rely on
assumptions that limit their use in tasks with varying con-
straints. Mainstream methods incorporate guidance signals
through fine-tuning or by embedding constraints into training,
which makes them slow to respond to new or previously
unseen constraints [1, 4, 6, 15, 26]. Another line of work
adopts sample-and-rank: generating multiple candidate roll-
outs and selecting the best one according to a metric. While
effective as post-hoc selection, these methods cannot exceed
the representational ceiling of the underlying policy and be-
come inefficient when rollouts must be repeatedly sampled
and evaluated [31]. Finally, classifier-guided variants train an
additional model (e.g., a classifier or reward predictor) to
steer sampling [8, 25]. In settings with evolving constraints,
classifier-guided approaches face two practical challenges.
First, many constraints may be implicit, context-dependent, or
hard to label densely enough to supervise a reliable predictor.
Second, without a mechanism to recall past adjustments, they



suffer from redundant computation in recurring situations.
To address these limitations, we propose RAG-Diff

(Retrieval Augmented Guided Diffusion) that uses retrieval-
augmented memory to adapt diffusion policies at runtime.
RAG-Diff freezes a base diffusion policy trained on generic
demonstrations, and augments it at inference-time with
PrefMem, a lightweight memory bank that stores visual
contexts paired with action snippets and constraint annotations.
At each step, a frozen vision-language encoder maps the recent
observation history to an embedding used for nearest-neighbor
retrieval, returning (i) a relevant snippet with actions and
states and (ii) the associated constraint. We use the retrieved
snippets and constraints to guide the diffusion process in two
ways. Firstly, we propose I-Atten (In-place Attention recom-
putation) that injects the retrieved snippet into the diffusion
transformer as additional cross-attention memory tokens and
perform in-place attention recomputation during denoising.
Second, to apply explicit constraints, we feed the retrieved
constraint parameters into a predictive guidance mechanism.
These two ways of guidance steer the diffusion denoising
process together.

While our method is potentially applicable to a broad class
of tasks, we showcase its effectiveness in the physical robot
caregiving domain, which captures key challenges common to
tasks with dynamic constraints. In this setup, constraints take
the form of user preferences that vary not only across individ-
uals but even for the same person throughout the day as their
clinical state changes. For example, a user with upper-limb
spasticity may tolerate faster washing and contact force after
morning stretching and medication, but require slower motion
with lighter contact later in the day when fatigue increases
tone and spasms, making rapid movements uncomfortable or
unsafe [13]. We consider two practically important classes of
user constraints: (i) interaction constraints, such as limiting
contact force for comfort and safety; and (ii) affordance
constraints, such as spatial restrictions on where the robot
may act, e.g., avoiding irritated or rash-prone areas during
bed bathing. We capture each constraint with a differentiable
value function that measures the magnitude of violation over a
candidate action trajectory, and use this value function to steer
inference toward constraint-satisfying behaviors. In addition,
the value functions naturally supports safety margins and
composes across multiple constraints via weighted summation,
enabling stable enforcement of simultaneous comfort and
spatial requirements.

We evaluate RAG-Diff in both simulation and real-world
settings on tasks that capture interaction constraints and af-
fordance constraints in the context of physical robot caregiv-
ing. In simulation, we evaluate on an adapted PushT [7, 9]
benchmark with contact force and region-to-avoid constraints.
It serves as a toy environment representing typical physical
caregiving tasks requiring goal completion under user-specific
interaction and affordance constraints. We further evaluate
our approach across four everyday physical caregiving tasks
in RCareWorld [29]: (1) bed bathing, where the robot must
respect contact-force limits and avoid sensitive skin regions;

(2) medication delivery, where handover locations must adapt
to the user’s range of motion; (3) shelf cleaning, where
the robot prioritizes user-preferred tiers and avoids undesired
areas; and (4) feeding, where the robot brings a dish while
the user watches TV without occluding their line of sight. We
evaluate these task in the realworld with a manikin, and did
user study for bed bathing with 11 users, including 2 older
adults. The results show that RAG-Diff improves task success
while consistently satisfying user preference constraints.

This paper’s main contributions are as follows:
• We propose I-Atten (In-place Attention recomputation),

a test-time method for transformer-based diffusion poli-
cies that injects retrieved snippets as additional cross-
attention memory tokens and steers denoising via a
classifier-free-guidance-style update, without retraining.

• We propose PrefMem, a retrieval-augmented preference
memory that stores tuples of visual-context embeddings,
action snippets, and user constraints, enabling the robot
to retrieve relevant behaviors and recall task constraints
across recurring situations.

• We complement retrieval prompting with predictive guid-
ance for structured constraints, allowing direct constraint
enforcement during diffusion sampling.

• We evaluate RAG-Diff in simulation, on a real robot, and
with human-subject user studies with older adults and
younger adults wearing motion-restricting occupational
therapy bands to emulate mobility limitations. We find
that RAG-Diff consistently outperforms strong baselines
in both task success and preference constraint satisfaction.

II. RELATED WORK

A. Guided Diffusion Policies

Prior work on steering diffusion policies typically follows
one of the four strategies as shown in Table I.

The first strategy fine-tunes the policy, often with reinforce-
ment learning (RL) [4, 6, 15, 26]. Fine-tuning can adapt a
policy to a fixed domain, but it requires a costly training loop.
As a result, this strategy struggles to keep up with dynamic
constraints and may be unsuitable in safety-critical settings
where trial-and-error is too risky. The second strategy embeds
constraints during training, commonly through classifier-free
(CF) guidance [1]. CF guidance encodes constraints as condi-
tioning tokens so the policy can follow them at inference time,
but it generally cannot follow guidance that was not provided
during training. The third strategy uses sample-and-rank (SR),
which generates many candidate rollouts and selects the best
using a metric [31]. SR avoids training and offers flexibility,
but it becomes inefficient when rollouts must be repeatedly
sampled and evaluated, and it cannot exceed the representa-
tional capacity of the underlying policy. The final strategy
applies classifier-guided (CG) or gradient-based inference-
time guidance [8, 14]. This strategy trains an auxiliary model
and uses its gradients to steer sampling, which allows new
guidance at test-time. However, evolving constraints expose
two limitations of the CG strategy: (i) implicit constraints



TABLE I: Comparison with prior diffusion-policy adaptation methods. Columns indicate whether a method (i) avoids finetuning at test-
time, (ii) can incorporate guidance signals not specified during training, (iii) supports multiple simultaneous guidance signals, (iv) reuses
computation for recurring (previously seen) conditions, and (v) can be guided via language. We also categorize the primary guidance
mechanism as reinforcement learning fine-tuning (RL), sample-and-rank (SR), classifier-free guidance (CF), classifier guidance (CG), or a
mixed strategy.

Method
(i) Finetuning-

free
(ii) Untrained

Guidance
(iii) Multiple

Guidance
(iv) Seen-Condition

Efficiency
(v) Guiding through

Language
Guidance

Type

DiWA [4] ✗ ✗ ✗ ✗ ✗ RL
Venkatraman et al. [26] ✗ ✗ ✗ ✗ ✗ RL
AdaptDiffuser [15] ✗ ✗ ✗ ✗ ✗ RL
FDPP [6] ✗ ✗ ✗ ✗ ✗ RL
D-MPC [31] ✓ ✓ ✓ ✗ ✗ SR
Ajay et al. [1] ✓ ✗ ✓ ✗ ✗ CF
Diffuser [14] ✓ ✓ ✓ ✗ ✗ CG
DynGuide [8] ✓ ✓ ✓ ✗ ✗ CG
ITPS [27] ✓ ✓ ✓ ✗ ✗ Mixed

Ours ✓ ✓ ✓ ✓ ✓ Mixed

are hard to supervise reliably, and (ii) the method exhibits
inefficiency by recomputing guidance from scratch even in
recurring scenarios. In comparison, our RAG-Diff method
adapts at inference-time without fine-tuning or constraint-
specific training, and improves efficiency in recurring sce-
narios by reusing past adjustments rather than recomputing
guidance from scratch. ITPS [27] provides a thorough and
insightful benchmark of inference-time steering strategies for
frozen diffusion policies under real-time user inputs such as
points, sketches, and physical corrections. They study six
sampling strategies, including post-hoc ranking (SR), biased
initialization, guided diffusion (CG), and stochastic sampling.
Their analysis reveals a fundamental alignment–constraint sat-
isfaction trade-off: aggressive steering improves alignment but
pushes samples off the data manifold, while stochastic sam-
pling achieves the best trade-off by sampling from the product
rather than the sum of distributions. Our value guidance falls
into the guided-diffusion category of their taxonomy. We build
on the value guidance framework by extending steering to
retrieval-augmented preferences and our complementary I-
Atten mechanism, allowing our method to adapt to not only
the explicit constraints, but also the implicit preferences of the
users.

Beyond explicit inference-time guidance, previous works
have also applied diffusion policies to contact-rich manipula-
tion by modeling compliance and reactive feedback. ACP [12]
diffuses over both reference actions and target stiffness to learn
spatially and temporally varying compliance, while RDP [28]
and ImplicitRDP [5] use slow-fast designs to combine action
chunking with high-frequency tactile-reactive corrections. In
contrast, we adapt a frozen diffusion policy via predictive
guidance to enforce interaction constraints (e.g., force thresh-
olds) during sampling, without explicitly learning a compliant
controller or retraining.

B. Retrieval-augmented policies
Retrieval-augmented policies store an explicit memory of

past experience. At test-time, they retrieve context-matched

sub-trajectories or latent plans from demonstrations or prior
rollouts to improve decision making. Most prior work adopts
the assumption that similar visual observations imply similar
action trajectories, and therefore performs retrieval in an
embedding space computed from visual encoders [20, 22].
Such retrieval has been used to augment non-diffusion policies
by treating retrieved content as a static input, e.g., retrieving
sub-trajectories or skills to condition policy learning and
execution [20, 22]. We follow this paradigm and use VLM-
based visual embeddings to retrieve nearest-neighbor snippets
relevant to the current scene. Among diffusion-policy methods,
the closest to our use of retrieval is RAGDP [23]. However,
RAGDP uses retrieval mainly to speed up inference by reduc-
ing denoising steps via nearest-neighbor expert actions, while
our approach guides the denoising process with the retrieved
samples to shape the generated action trajectories.

C. Preference Learning for Physical HRI

Preference learning for physical human-robot interaction
(pHRI) spans multiple dimensions, including preferences re-
lated to physical contact [17, 18], as well as motion and
trajectory execution [2, 21]. Prior work on personalization in
pHRI has largely focused on task-specific assistive scenarios,
such as bathing [17, 32], dressing [10], or feeding [3]. While
effective within their respective domains, such methods limit
generalization to other pHRI tasks.

More recent work has shifted toward task-agonistic for-
mulations. However, existing approaches often lack long-
term adaptation [18], or encoded within constrained planner
frameworks [24], limiting their expressiveness compared to
policy-level adaptation.

To address these limitations, our method targets learned
diffusion policies and focuses on inference-time adaptation:
it injects retrieved, preference-labeled experience directly into
the denoiser’s internal computation to shape action generation
diffusion action denoising.



III. PROBLEM FORMULATION

We study test-time steering of a frozen action diffusion pol-
icy under time-varying user preferences. At step t, the policy
conditions on a recent observation window ot−To+1:t of length
To and produces an action chunk of length Ta. A conditional
diffusion sampler maintains a sequence of noisy actions of
Ak

t ∈ RTa×Da over K denoising steps k ∈ {K, . . . , 0},
starting from AK

t ∼ N (0, I) and iteratively denoising until
the final chunk A0

t . A vanilla diffusion policy thus induces
the conditional distribution

A0
t ∼ Dθ(· | ot−To+1:t). (1)

We represent the user preference at time t as constraint
parameters pt (e.g., a force threshold Fth, an affordance SDF
dafford, a goal or a language request g). Our objective is
to complete the task while minimizing preference violations
by steering sampling at test-time without updating the base
parameters θ. We propose RAG-Diff towards this end.

IV. METHOD

RAG-Diff has two stages: we first train a base action
diffusion policy from offline demonstrations (Sec. IV-A), and
then steer the frozen policy at test-time to satisfy varying user
preferences (Sec. IV-B). We initialize a preference memory
pool from the same demonstrations, which provides retrievable
state-action snippets to guide implicit preferences via I-Atten
(Sec. IV-B0a) and the corresponding constraint parameters to
guide explicit preferences via value guidance (Sec. IV-B0b).

A. Training a base action diffusion policy

We train a transformer-based diffusion policy to model a
distribution over action chunks conditioned on recent obser-
vations, following Diffusion Policy [7]. Given an observation
history ot−To+1:t at timestep t consisting of RGB images
and low-dimensional states (e.g., robot joint states and human
pose), we embed the current noisy action chunk into action
embeddings and embed the observation history into observa-
tion embeddings. Following Diffusion Policy [7], we extract
visual observation embeddings with a ResNet and concatenate
them with embedded low-dimensional states to form a cross-
attention context C ∈ RTc×d, where Tc is the number of
context tokens and d is the transformer hidden dimension.
We generate an action chunk by running a denoising process
over Ak

t ∈ RTa×Da . Unless otherwise specified, the action
A denotes the robot end-effector position trajectory. At each
denoising step k, the transformer denoiser takes the current
noisy action tokens Ak

t and cross-attends to C to predict a
noise residual

ϵbase = ϵθ(A
k
t , k | C). (2)

B. Guiding the action diffusion process at test time

We guide the diffusion process in two complementary ways.
(1) I-Atten targets preferences that are implicit, i.e., best
conveyed by example rather than an explicit parameter. It
steers sampling by injecting similar state-action snippets as
additional cross-attention context, encouraging the policy to

reuse appropriate behavior modes. However, retrieval-based
prompting can be approximate and does not explicitly enforce
constraints. We therefore also apply (2) value guidance, which
directly biases denoising using gradients of differentiable
constraint objectives to satisfy user-specified preferences.

a) I-Atten: In-place attention recomputation: I-Atten
steers sampling by injecting a state-action snippet as additional
cross-attention context. Given a prompt snippet with paired
observations and actions, we encode its observations using
the same encoders as the base policy. Specifically, we extract
ResNet features from the RGB frames and concatenate them
with embedded low-dimensional states. We embed the paired
actions in the same action-token space. This yields prompt
tokens P ∈ RTp×d. We then concatenate it with the original
context C:

C+ = [C; P ] ∈ R(Tc+Tp)×d. (3)

In our implementation, we obtain the prompt snippet by
retrieving a relevant segment from the preference memory pool
B (Sec. IV-C). We run the denoiser twice on the same noisy
chunk, differing only in the cross-attention context:

ϵbase = ϵθ(A
k
t , k | C), ϵprompt = ϵθ(A

k
t , k | C+), (4)

and mix the two predictions with a classifier-free-
guidance(CFG)-style update,

ϵattn = ϵbase + wattn(k)
(
ϵprompt − ϵbase

)
, (5)

where wattn(k) = sattnαattn(k) sets the guidance weight, with
sattn controlling the overall strength and αattn(k) scheduling
that strength across denoising steps.

b) Constraints as value guidance: I-Atten provides im-
plicit guidance by biasing sampling toward retrieved state-
action snippets, but it does not explicitly guide the policy. To
handle explicit user preferences, we impose constraints via a
differentiable value function defined on the sampler’s current
estimate of the clean action trajectory. At step t and denoising
step k, we recover the predicted clean action chunk Â0

t from
the current noisy iterate Ak

t and the denoiser output ϵbase via
the standard Tweedie relation

Â0
t =

Ak
t −

√
1− ᾱk ϵbase√
ᾱk

, (6)

and define J(Â0
t ) to measure preference violations over the

horizon. We then apply gradient-based guidance by perturbing
the noise prediction:

ϵvalue = ϵbase + wvalue(k)∆ϵ(Â0
t ), (7)

∆ϵ(Â0
t ) =

√
ᾱk√

1− ᾱk
∇Â0

t
J(Â0

t ), (8)

where wvalue(k) = svalueαvalue(k) scales the guidance by a
strength svalue and a schedule αvalue(k). In RAG-Diff, we
consider the following classes of preference constraints. More
broadly, the value guidance formulation is flexible and com-
positional, and can readily incorporate additional preference
types by defining the corresponding differentiable value func-
tions [14].



Fig. 2: Method overview. RAG-Diff adapts a frozen diffusion policy at test time to satisfy user preferences. At each timestep, we embed
the current observation history with a VLM encoder and retrieve relevant snippetsfrom a memory pool. We then guide denoising in two
complementary ways: (i) in-place attention recomputation injects the retrieved snippet as additional cross-attention memory tokens and
steers sampling via a classifier-free guidance (CFG)-style update, and (ii) value guidance enforces interaction and affordance constraints by
injecting gradients of a differentiable constraint during sampling.

§ Interaction (force) constraint. Safe physical inter-
action is central to physical robot caregiving, and contact
force provides a direct, widely used indicator of comfort
and safety, so we enforce a user-specific force threshold.

We constrain the predicted force magnitudes to remain under
a comfort threshold Fth. We evaluate the constraint on the
predicted clean action chunk Â0

t = {âτ}Ta−1
τ=0 . Using a

differentiable force predictor gϕ (MLP) on state–action pairs
f̂τ = gϕ(sτ , âτ ), we define a soft-hinge value function

Jforce(Â
0
t ) =

Ta−1∑
τ=0

[
max

(
0, f̂τ − Fth

)]2
. (9)

Minimizing Jforce penalizes threshold violations, steering sam-
pling toward trajectories that maintain comfortable contact.

* Affordance (region to avoid) constraint. Caregiving
often involves sensitive areas such as wounds or skin rashes
that should be avoided. Modeling sensitive areas as an
avoid zone provides a smooth distance-to-unsafe gradient
that steers the end-effector away without derailing the task.

We encode spatial preferences with a differentiable signed-
distance function (SDF) dafford(·), where d(u) > 0 is outside
the region and d(u) < 0 is inside. With margin m, we define
the value function

Jafford(Â
0
t ) =

Ta−1∑
τ=0

[
max

(
0, m− dafford(âτ )

)]2
. (10)

Minimizing Jafford penalizes trajectories that approach or enter
the avoid region, steering sampling to maintain a safe distance
from that region across the horizon.

◎ Spatial (goal position) constraint. We model spatial
preferences as a goal end-effector position because many
user intentions reduce to “place/reach here/there,” and a
distance-to-goal objective gives a smooth, differentiable
signal that can steer denoising directly.

Given a target position g ∈ R3, we define

Jgoal(Â
0
t , g) =

1

Ta

Ta−1∑
τ=0

∥∥âτ − g
∥∥2
2
. (11)

Minimizing Jgoal penalizes the average squared distance be-
tween the predicted end-effector positions and the target goal,
encouraging the trajectory to move toward the goal throughout
the horizon.

Ü Semantic (language-grounded) constraint. Seman-
tic requests (e.g., “bring the orange juice”) do not directly
specify geometry. We ground them by using a VLM to
retrieve relevant snippets from a memory bank, and then
enforce it with value guidances (Detailed in Sec. V-E).

We combine constraints with a weighted sum,

J(Â0
t ) = λF Jforce(Â

0
t )+λA Jafford(Â

0
t )+λS Jgoal(Â

0
t ), (12)

and inject ∇Â0
t
J(Â0

t ) during denoising to steer.
c) Summary: We summarize one reverse step of RAG-

Diff as follows:

ϵtotal = ϵθ(A
k
t , k | C)︸ ︷︷ ︸

Base: Sec. IV-A

+ wattn(k)
(
ϵθ(A

k
t , k | C+)− ϵθ(A

k
t , k | C)

)
︸ ︷︷ ︸

I-Atten: Sec. IV-B0a

+ wvalue(k)

√
ᾱk√

1− ᾱk
∇Â0

t
J(Â0

t )︸ ︷︷ ︸
Value Guidance: Sec. IV-B0b

.

(13)

C. PrefMem: Preference Memory and Retrieval

Both guidance modules introduced in the previous section
rely on preference-relevant context. I-Atten requires a state-
action snippet to use as a prompt, and value guidance requires
the corresponding constraint parameters (e.g., a force threshold
Fth, an avoid region dafford, or a goal g). We obtain both from
a shared memory pool, PrefMem, initialized from the same
offline demonstrations used to train the diffusion policy. Each
entry stores the observation (RGB frames and low-dimensional
states, such as robot joint positions and human pose) together
with the associated preference annotation.

a) State encoding: At each step t, we form a retrieval
query from the same visual observation stream used by the
base diffusion policy. Let ot−To+1:t denote the observation
history, and let {It−To+1, . . . , It} be the To RGB frames in



this history. We compute a per-frame latent vector using a
frozen VLM fvlm,

zτ = fvlm(Iτ ), τ ∈ {t− To + 1, . . . , t},

and aggregate them by average pooling to obtain a single query
vector,

q̃t =
1

To

t∑
τ=t−To+1

zτ , qt =
q̃t

∥q̃t∥2
.

We use qt for nearest-neighbor retrieval in the preference
memory, motivated by the assumption that visually similar
observation histories often induce similar action snippets and
similar preferences. Retrieved items provide both (i) a state-
action snippet and (ii) the associated preference annotation pt
used to parameterize downstream guidance.

b) Memory bank: We construct a retrieval bank B from
the same offline demonstrations used to train the base diffusion
policy. Specifically, we segment each demonstration trajectory
into overlapping windows and store tuples

bi =
(
qi, Ii, si, ai, pi

)
∈ B,

where Ii = {Ii−To+1, . . . , Ii} is a length-To sequence of
RGB frames, si = {si−To+1, . . . , si} is the low-dimensional
state history, qi ∈ Rd is the normalized VLM embedding of
the observation window, ai = ai:i+Ta−1 is the corresponding
length-Ta action snippet, and pi denotes the associated user-
preference annotation for that snippet (e.g., a force threshold,
a region to avoid, or a semantic preference). The memory bank
scales efficiently: retrieval latency remains nearly constant as
memory size grows, while memory and storage increase lin-
early with the number of stored snippets, supporting scalable
real-time retrieval (see Appendix for details).

c) Top-N retrieval: At test-time, given the query vector
qt, we retrieve the top N entries in B by cosine similarity.
We use the retrieved snippets as prompt for in-place attention
recomputation, and use the corresponding preference annota-
tions to parameterize the value guidances during sampling with
the frozen base policy.

d) Incorporating new user preferences at test-time:
When the user provides a new preference pnew

t at time t, we
first determine whether it can be associated with an existing
memory entry by retrieving the nearest neighbors under cosine
similarity, and gets the cosine similarity scores st.

If st ≥ δ for a similarity threshold δ, we treat the preference
as applicable to a previously seen context and update only the
stored preference with the new one. Otherwise, if st < δ, we
regard the preference as out-of-distribution with respect to the
current bank and extend memory using the newly observed
interaction. Here, we assume the user’s preference will not
change within the time window of this snippet. We set δ
empirically by inspecting the distribution of cosine similarities
in the VLM latent space and choosing δ at the gap between
high-similarity (in-cluster) matches and low-similarity (out-of-
cluster) matches.

V. EXPERIMENTS

We evaluate RAG-Diff across three complementary settings:
(1) a suite of simulated tasks with various constraints to
benchmark performance and systematically compare against
baselines; (2) the same tasks executed on a real robot, vali-
dating real-world feasibility; and (3) user studies with human
subjects, measuring preference satisfaction during interaction.
We use RCareWorld [29] for all simulation experiments, and
a Kinova Gen3 arm with a Realsense D435 camera mounted
on the wrist for all real-world evaluations.

Our evaluation aims to answer the following questions:
• Q1: Under fixed preferences, is RAG-Diff improving

task success while reducing constraint violations more
effectively than the baselines?

• Q2: When preferences change during execution, does
RAG-Diff adaapt to new constraints?

A. Tasks and environments

We evaluate RAG-Diff in both simulation and real-world
settings on a diverse set of manipulation and physical caregiv-
ing tasks designed to span various preference types, including
interaction constraints § , affordance constraints * , and
spatial constraints ◎ . We evaluate each task in simulation
and on real robot (except for Push-T) using a Kinova Gen3
arm interacting with a manikin. We show the tasks in Fig. 1.

• Push-T (simulation only) § * . A toy environment task
where the robot must push a T-block to a goal pose while
respecting a force limit and avoiding a specified region.
We use the same success criteria as Diffusion Policy [7].

• Bed Bathing § * . The robot must wipe a target region,
avoid sensitive areas, and keep contact forces below a
comfort threshold of 10N. We define success as > 75%
paint removed for the arm based on the result from a
SOTA bathing system [11].

• Medicine Handover ◎ . The robot presents the bottle
at an accessible handover position. We define success as
bottle delivered into the care recipient’s reachable ROM
region.

• Serving * . The robot brings a dish and places it without
occluding the care recipient’s view. We define success as
dished placed in a place not occluding the care recipient’s
view.

• Shelf Cleaning ◎ . The robot cleans the user-preferred
tier (upper vs. lower), reflecting a spatial preference over
where to act. We define success as 80% of the stain
removed on the shelf. The stain only appears on the tier
that the user wants the robot to clean which means the
robot will automatically fail if it goes to a wrong tier.

B. Baselines and ablations

We compare against the following baselines and ablations.
For baselines, we include strong SOTA baselines including DP
to quantify the base policy without adaptation, CG-DP as a
strong gradient-based guidance baseline, and SR as a strong
sampling-based alternative that uses post-hoc selection instead
of guidance.



Fig. 3: We conducted a real-world user study to evaluate the effectiveness and adaptability of RAG-Diff during robot-assisted bed bathing.
Participants interacted with the robot and provided preference updates (e.g., gentler contact and avoiding sensitive regions) during execution.
The error bars represent the standard deviation.

• Diffusion Policy (DP) [7]: The base diffusion policy
without test-time guidance.

• Classifier-Guided DP (CG-DP): The DP policy guided
with classifier guidance.

• Sample-and-Rank (SR): Sample multiple action chunks
from DP and select the best one via post-hoc scoring.

For ablations, we include I-Atten DP and V-DP as ablations to
isolate the effects of retrieved-context injection versus explicit
constraint optimization.

• I-Atten only (I-Atten DP): DP with only I-Atten guid-
ance.

• Value only (V-DP): DP with only value-guidance.
• I-Atten + Value (RAG-Diff): Our full method combining

I-Atten and value guidance on DP.

C. Evaluation with constant preferences (Q1)

We first evaluate RAG-Diff under constant user preferences,
where the constraints remain fixed throughout evaluation. We
show the results in Table II. The results suggest our method
improves both task completion and preference compliance
under fixed constraints, and that these gains are consistent
across simulation and the real world. Overall, RAG-Diff per-
forms best across tasks. It achieves the strongest success while
simultaneously reducing interaction and affordance violations,

indicating that combining retrieved-context injection with
value/constraint guidance yields complementary benefits. In
contrast, CG-DP consistently improves constraint satisfaction
but reduces task success. SR provides modest improvements
by post-hoc selection, yet it is generally less effective than
guidance-based methods, highlighting the benefit of steering
the denoising process directly rather than selecting from
unguided samples. I-Atten DP typically improves success
relative to the unguided policy, but does not reliably reduce
violations, suggesting that attention-based prompting primarily
selects favorable trajectory modes without explicitly optimiz-
ing constraint satisfaction. V-DP offers a more balanced trade-
off, improving constraint satisfaction with less impact on
success than CG-DP, but remains worse than the full method.

D. User study: Evaluating with dynamic preferences (Q2)
We conducted a user study evaluating RAG-Diff in the

context of a robot-assisted bed bathing task. Throughout the
study, we aimed to evaluate the performance of RAG-Diff
and see how it adapts to user preferences during real world
interactions. We evaluated RAG-Diff across 11 participants,
including 9 younger adults without mobility limitations (mean
age 22.4 years), and two older adults who are 63 and 64 years
old respectively. We use a motion-restricting occupational
therapy band to simulate mobility limitations in our younger



Simulation

Push-T Bed
Bathing

Med.
Hand. Serv. Shelf

Clean.
Method Succ↑ Force↓ Afford↓ Succ↑ Force↓ Afford↓ Succ↑ Succ↑ Succ↑

DP 0.80 0.25±0.04 0.42±0.12 0.62 0.32±0.14 0.48±0.18 0.61 0.61 0.43
CG-DP 0.74 0.11±0.03 0.14±0.06 0.54 0.18±0.12 0.22±0.07 0.52 0.72 0.48
SR 0.82 0.18±0.04 0.30±0.10 0.50 0.22±0.04 0.29±0.17 0.60 0.62 0.51
I-Atten 0.83 0.24±0.03 0.38±0.07 0.70 0.34±0.13 0.46±0.14 0.61 0.70 0.59
V-DP 0.82 0.16±0.03 0.24±0.09 0.66 0.18±0.07 0.22±0.07 0.62 0.69 0.72
RAG-Diff 0.86 0.09±0.02 0.17±0.04 0.74 0.17±0.11 0.17±0.08 0.81 0.83 0.84

Real-world experiments with a manikin

Bed
Bathing

Med.
Hand. Serv. Shelf

Clean.
Method Succ↑ Force↓ Reg↓ Succ↑ Succ↑ Succ↑

DP 5/10 0.32±0.14 0.48±0.18 6/10 6/10 4/10
CG-DP 5/10 0.18±0.12 0.22±0.07 5/10 8/10 5/10
SR 5/10 0.22±0.04 0.29±0.17 6/10 6/10 5/10
I-Atten 6/10 0.34±0.13 0.46±0.14 7/10 6/10 6/10
V-DP 5/10 0.18±0.07 0.22±0.07 6/10 7/10 6/10
RAG-Diff 7/10 0.17±0.11 0.17±0.08 8/10 8/10 7/10

TABLE II: Simulation results in RCareWorld [29] and real-world results with a manikin.

adult participants. Among the participants, 4 are male and 7
are female. Each session lasts 40–60 minutes, with individual
wiping interactions taking 1–2 minutes. Participants complete
one trial and three evaluation runs, each comparing two
methods in randomized order. The session duration exceeds
the total interaction time due to preparation and a calibration
step to initialize user-specific force preferences. The multi-
round design enables iterative preference refinement, where
users are encouraged to update their preferences online during
a trial, though preferences are given at discrete times. The
study protocol was reviewed and approved by the Institutional
Review Board (IRB) of Cornell University with the protocol
number IRB0146211.

1) Study Procedure: Before the study, we assessed the
participants’ nervousness levels regarding physical assistance
from robots in activities of daily living (ADLs) and instrumen-
tal activities of daily living (IADLs). Participants rated their
levels of nervousness on a likert scale of 1 (not nervous) to 5
(very nervous) and the average score was 2.09.

Before the actual trials, we calibrate the force preference of
the participants. Participants lay on the bed with their arm
resting naturally at their side while the robot sequentially
positioned the bathing tool above the upper arm and forearm
to apply gentle downward pressure and gradually increased
it. We asked the participants to indicate when the contact
began to feel uncomfortable, at which point we immediately
stopped the robot. We record the contact force at this moment
as the participant’s personalized interaction constraint. We
then familiarized participants with the system by explaining
the setup and procedure, and showing example videos of the
robot’s motions.

Throughout each user study we perform two trials of
interaction, one using RAG-Diff and the other using CG-
DP as our baseline method since it is the strongest baseline
method. Since the classifier can not adapt during test time,
we train the classifier using 10N as an initial threshold that
we got from a pilot study with 3 participants. We use an
area around the arm pit as the initialization for the affordance
classifier following a study in PrioriTouch [18] that suggests
as a population average, people would like to avoid this area.
At the start of each trial, we applied washable paint along
the participant’s arm. The robot then attempted to remove
the paint by executing a sequence of bathing motions. Each
trial consisted of three interaction rounds with both methods.
During the trial, we asked participants to verbally prompt

the robot to adjust its behavior whenever they want. For
example, by requesting a gentler touch or increased pressure.
We maintain the memory pool across the three trials.

2) Results: We evaluated the methods across three cat-
egories: comfort level of contact, whether the movements
became more comfortable over time, and whether the robot
was able to adapt to the participant’s preferences. Participants
rated each category on a 5-point likert scale from 1 (strongly
disagree) to 5 (strongly agree).

Overall, RAG-Diff received higher scores than the CG-
DP baseline across all three quantitative measures (Fig. 3).
Participants rated contact comfort at 3.09 ± 1.33 for the
CG-DP baseline, compared to 4.42 ± 0.66 for RAG-Diff.
For perceived improvement in comfort over time, RAG-Diff
achieved 4.38 ± 0.85, outperforming the CG-DP baseline
at 2.68 ± 1.60. Participants also rated preference adaptation
higher for RAG-Diff (4.29±1.19) than for the CG-DP baseline
(1.82 ± 1.42). A Mann–Whitney U test [19] indicated that
RAG-Diff significantly outperformed the CG-DP baseline on
all three metrics (p< 0.005).

Across all trials, participants preferred RAG-Diff in 81.81%
of cases. In trials where preferences changed during the inter-
action, 100% of participants preferred RAG-Diff, suggesting
that the method adapts effectively to preference changes.
Participants who favored RAG-Diff over the CG-DP baseline
attributed their preference to the robot applying gentler force
when requested and reliably avoiding regions they asked the
robot to avoid. The users, especially the older adult group
praised our robot with “Old ladies have sensitive skin. I
appreciate the robot following my preferences and being gentle
with me.” and “The robot really feels like it’s listening to me
and responding to what I need”.

After the study, we asked participants to rate how nervous
they felt about a robot physically assisting them. The average
rating was 1.66/5 (1 = not nervous, 5 = very nervous).

E. Guidance through language

We also evaluate whether RAG-Diff can incorporate
natural-language preferences at test time. In a realworld drink
fetching task, we place two drinks, a Coke can and a juice box,
on a table and provide a language instruction specifying which
drink the user prefers (e.g., ”Bring me the orange juice box.”).
We leverage text-to-image retrieval in VLM embedding space,
which enables language-conditioned retrieval not supported by
baselines. A trial is successful if the robot grasps the correct



object. RAG-Diff succeeds in all trials (5/5) with distinctive
language description. In comparison, none of the baselines
are able to do guidance through language. While robust for
distinct objects/clear language descriptions, it degrades under
visual similarity or ambiguous language (e.g., “robot arm with
a can” yields the same similarity to both orange juice box and
coke can images) due to the VLM limitation.

VI. DISCUSSION AND LIMITATIONS

We observe failure cases due to misleading retrieval, espe-
cially in visually similar but semantically different contexts.
We acknowledge this as a limitation of our work. Incorrect
retrieval leads to two main failure modes: (1) incorrect prefer-
ence labels, causing optimization toward mismatched targets
and resulting in preference violations, which can potentially
be fixed using a correct label during the interaction, and (2)
dissimilar retrieved states, leading to noisy action rollouts and
degraded performance. Future work could potentially improve
this by integrating robot states and other relevant information
into the retrieval pipeline.

Another limitation of our method is that performance is
sensitive to guidance hyperparameters, especially the guidance
scale and its schedule across denoising steps. Empirically,
in-place attention recomputation benefits from stronger early
guidance, while analytical penalties are most effective later,
likely because attention selects a high-level trajectory mode
when samples are still noisy, whereas value guidance refines
an already-formed trajectory when violations are well-defined.
Also, attention prompting assumes retrieved snippets are in-
distribution for the frozen base policy; out-of-distribution
retrieval (e.g., mismatched dynamics or visual context) can
inject misleading signals and degrade performance. Incor-
porating retrieval OOD detection is an important direction.
Third, the method depends on the retrieval encoder quality:
weak VLM embeddings can return irrelevant neighbors, and
extending retrieval with additional modalities (e.g., force)
can be domain-specific and may require extra sensing and
representation tuning. Fourth, our assumption that visually
similar contexts imply similar actions and preferences may fail
when preferences depend on latent factors not observable from
RGB. Finally, our user preference constraints are enforced as
soft guidance rather than hard safety guarantees; real-world
deployment should incorporate hard safety guardrails as well.
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