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Abstract— Vision-language-action (VLA) policies can learn
to follow execution preferences, such as where to grasp an
object or how to move around an obstacle, from demon-
strations annotated with preference labels. Providing these
annotations for every new task, however, is costly. We study
whether learned preference control can transfer to new tasks
whose demonstrations contain the desired behaviors but lack
preference annotations. We find that a policy trained with
preference annotations can follow preferences on a new task
before adaptation but achieves limited task success. Fine-tuning
on target demonstrations without these annotations improves
task success while weakening preference control. Motivated
by this finding, we introduce Self-Labeled Preference Transfer
(SPT). SPT jointly trains a shared vision-language backbone
for preference-conditioned action prediction and preference
recognition on annotated source demonstrations. It then freezes
the recognizer to preserve its cross-task preference recognition
capability and uses it to self-label target demonstrations for
policy fine-tuning. Across five types of execution preferences
in simulation, the recognizer achieves 96.4% accuracy, and
SPT reaches 84.8% preference following and 89.2% task
success, compared with 59.4% and 88.0% for naive finetuning.
We further extend to multiple preferences, achieving 93.8%
preference following compared with 42.5% of baselines. In real-
world experiments, SPT increases preference following from
52.5% to 92.5% relative to naive finetuning across two task
transfers. These results show that SPT can support preference
adaptation across tasks and objects while maintaining success,
without additional manual preference annotations.

I. INTRODUCTION

Vision-language-action (VLA) models trained on large
multi-task datasets can now follow language instructions
across scenes, objects, and embodiments [1]–[6]. Demonstra-
tions in these datasets usually show one way to complete a
task, or follow whatever pattern the operator found natural. In
reality, a task has several acceptable executions, and which
one is wanted depends on the context and on the user. A
mug can be grasped near its rim or near its base; an object
can be placed at the center of a tray or in a corner; a path
can pass close to an obstacle or give it a wide berth. We
call such choices execution preferences: they concern how a
task is performed rather than what is accomplished, and the
desired choice may depend on the user or context. Standard
task-level instructions do not specify this choice, leaving the
user without explicit control over it. This paper studies how
a VLA can follow a stated execution preference on a new
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“Place the coffee on the table.”

Single Task…
…Multiple Preferences!
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Preference 
Dataset

 Bottom grasp 😺

Vanilla VLA

Self-Labeled 
Preference 

Transfer

Grasp 
height

Placement 
location

Obstacle 
Clearance

…

Place on the corner of the table!

Grasp the coffee cup by the handle!

Avoid the laptop with a large detour!

Top grasp 😿

Fig. 1. Motivation and overview. A task can be completed in several valid
ways. SPT learns to follow and recognize execution preferences on labeled
source tasks. It then labels target demonstrations so that the adapted policy
can respond to the same preference commands. Target demonstrations are
required; their preference labels are not. The examples illustrate the intended
interface, not additional evaluated tasks.

task when its target demonstrations do not contain preference
labels.

Existing work approaches execution-level control from
two directions. One line makes VLAs steerable by enriching
training prompts with descriptions of how each demon-
stration was performed, produced by human annotators or
automated pipelines [7]–[10]. These works show that VLAs
can follow execution-level instructions once such annotations
are available, but a new task still has to be annotated
before the policy can be steered on it. The other line is
preference learning, which infers a reward or policy from
comparisons between executions [11]–[14]. The output of
preference learning is a policy aligned to a user’s preference
(often through ranking executions [15]) rather than one that
switches on command to a named style. Preference learning
is typically used to adapt a policy toward preferred behav-
ior on a particular task, rather than to provide command-
conditioned switching among named execution preferences
across tasks. Neither line asks whether preference control
learned on labeled source tasks can be preserved when
adapting to a new task whose demonstrations lack preference
labels. This setting introduces two challenges. First, the
source supervision must teach preference semantics that
transfer across tasks, so that the behavior shown in a target
demonstration can still be recognized. Second, the policy
must adapt to the target task without losing its response to the
preference command. Finetuning on target demonstrations
with the task instruction alone provides no signal tying the
demonstrated motion to a preference, so the control learned
on the source can be weakened during adaptation.

We study preference transfer without target preference
annotations. We assume preference-labeled demonstrations
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for a set of source tasks and demonstrations with varied
execution behaviors, but no preference labels, for a set of
target tasks. Our approach, Self-Labeled Preference Trans-
fer (SPT), addresses this setting in two stages. In Stage A,
a shared vision-language backbone learns both to execute a
stated preference and to recognize the preference expressed
in a demonstration. In Stage B, we freeze the Stage-A
recognizer and use it to label the target demonstrations,
then finetune a trainable copy of the policy on the target
actions paired with these inferred preference prompts. These
labels associate each target behavior with the corresponding
preference command during adaptation. At deployment, only
the policy runs, and the user selects a behavior using the
same preference vocabulary learned on the source tasks.

We evaluate SPT in simulation and on a real robot. In
RoboTwin 2.0 [16], we synthesize pick-and-place demon-
strations along five preference axes and transfer to held-out
object and receptacle combinations. On a real robot exper-
iment, we transfer across task types: from pick-and-place
to pushing and from air hockey to billiards. The Stage-A
recognizer labels target demonstrations with 96.4% average
accuracy, and SPT raises average preference following from
59.4% to 83.8% in simulation and from 52.5% to 92.5% on
the robot, with similar average task success.

Ablations on placement and contact height isolate the roles
of source preference transfer and target self-labeling. Before
target adaptation, the Stage-A policy reaches 80% and 88%
preference following on the two target tasks, but with lower
target-task success. Finetuning the same Stage-A checkpoint
with bare target instructions reduces preference following to
52% and 50%, whereas SPT retains 83% and 90% while
adapting to the target tasks. Shuffling the inferred target
labels gives similarly poor preference following, indicating
that the benefit depends on correctly associating each target
behavior with its preference rather than on adding preference
text alone.

In summary, this paper makes three contributions. (1) We
formulate transfer of a named execution-preference vo-
cabulary to target tasks whose demonstrations lack pref-
erence annotations. (2) We introduce SPT, which jointly
learns preference-conditioned action prediction and prefer-
ence recognition, then reuses a frozen recognizer to label
target demonstrations before policy adaptation. (3) We eval-
uate this approach across five simulated preference axes
and two real-robot task transfers, with controls for source
initialization and target label assignment, comparisons to
target-labeled reference conditions, and an extension to two
simultaneous preferences.

II. RELATED WORK

Steerable VLAs. Large multi-task datasets have produced
policies that condition on language and generalize across
tasks, scenes, objects, and embodiments [1]–[3], usually by
attaching an action head to a pretrained VLM and finetuning
on demonstrations [2], [17]. Their language conditioning is
not always robust [18], and the goal-level instructions in most

datasets say nothing about execution. A recent line of work
addresses this by writing execution details into the training
language. STEER grounds modular skills in dense attribute
annotations [7]; DeMiAn and FineVLA re-annotate existing
datasets with fine-grained process descriptions, through a
VLM pipeline in one case and human-verified labels plus
a trained robotics VLM annotator in the other [8], [9]; and
π0.7 trains a generalist on prompts that carry strategy and
metadata alongside the goal [10]. These works establish that
a VLA follows how-level instructions once its training data
contains them, and each obtains that data by annotating it.
SPT differs in what it asks and where the labels come from.
We assume a labeled source set and ask whether preference
recognition learned jointly with the source policy can transfer
to a new task, so that its demonstrations can be labeled
without additional preference annotation and the adapted
policy can still respond to the source vocabulary.

Preference learning and personalization. Preference
learning typically learns rewards or policies from compar-
isons between executions [11], [12], [15]. In manipulation,
GRAPE, APO, and RKO apply preference optimization to
VLAs and diffusion policies [13], [14], [19], and Preference
VLM, VARP, and VLP replace human comparisons with
VLM judgments, the last training an annotator that transfers
to downstream tasks [20]–[22]. Personalization work asks
how a robot should choose among several valid behaviors for
a given user: COMMET resolves human-induced conflicts
by selecting among options according to stored user prefer-
ences [23], TacStyle has an LLM pick a point in a learned
style latent from a handful of labels [24], and Freeform
Preference Learning trains a policy that responds to several
language-defined preference axes [25]. Our setting shares the
premise that the user, not the task, decides the execution, but
the supervision differs. A label such as “grasp low” describes
a style without ranking it above “grasp high”; both are correct
when requested. Rather than aligning a policy separately on
each task, we ask whether preference following learned on
labeled source tasks can be transferred to target tasks whose
demonstrations lack preference labels.

Self-labeling and auxiliary supervision in VLAs. Using
a model’s own predictions as labels for unlabeled data is
standard in semi-supervised learning [26], and foundation
models have been used to label robot data with task instruc-
tions [27] and process descriptions [9]. In VLAs, auxiliary
language objectives are usually added to improve represen-
tations: LAP co-trains action prediction with visual question
answering [28], SG-VLA adds spatial grounding [29], and
TwinBrainVLA keeps a generalist pathway beside the action
pathway [30]. SPT combines these two ideas but uses them
differently. The recognition objective is not only an auxiliary
training signal: the resulting recognizer is reused to label
demonstrations from a different task.

III. PROBLEM FORMULATION

We explore learning from demonstrations, where style and
preferences are considered through a preference axis that is
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Fig. 2. Self-Labeled Preference Transfer. Stage A trains a shared vision-language backbone for preference-conditioned action prediction and preference
recognition. The recognition branch answers a preference question from a short demonstration clip and proprioceptive observations. Stage B has two steps:
a frozen copy of the source recognizer labels each target demonstration, and a trainable policy copy adapts to the resulting preference-conditioned prompts.
At deployment the user gives a preference command and only the action policy runs.

only available on the source data and not on the final target
domain. The preference axis C is a finite vocabulary set that
captures preferred behaviors that modify aspects of the task
(e.g., low grasp contact height or high placement location).
The user selects a behavior by naming a value from this
vocabulary. Suppose we are given the following data from
an initial source set of tasks:

DS = {(ξ(i)S , ℓ
(i)
S , c(i))}, (1)

where ξS are sample trajectories containing sensor observa-
tions, proprioceptive states, and actions, {(ot, st, at)}Tt=1. ℓS
is the language instruction that guided the operator for the
source demonstration. c is the relevant label for the style of
the demonstration. i denotes the sample index.

Given DS , we would like to transfer skills and preferences
to new target tasks that share the same preference vocabulary
C. We assume we are given demonstrations from the target
domain (following typical fine tuning frameworks), but do
not assume access to preference labels:

DT = {(ξ(j)T , ℓ
(j)
T )}. (2)

where variables follow structure from the source domain, but
are specific to the target task space T .

The goal is a policy πθ(a | o, s, ℓ, c) that completes a
target task in the style named by c ∈ C. We also learn a
preference recognizer that predicts the preference expressed
by an observed demonstration; this recognizer is later frozen
and used to label target demonstrations in Stage B. Task
completion and preference following are scored separately.

Two assumptions scope the setting. First, the target demon-
strations must contain the requested styles: we remove their
labels, not the behaviors, and self-labeling cannot produce
a behavior that appears in neither the source nor the target
data. Second, the vocabulary is fixed, so a value outside C is
out of scope. The single-axis experiments use one binary axis
at a time; Section V-E covers two axes in one command.

IV. METHODS

SPT has two stages (Fig. 2). Stage A jointly trains a model
on the labeled source tasks to act on a stated preference
and to recognize the preference shown in a demonstration.
Stage B freezes the Stage-A recognizer to label the target
demonstrations, then adapts a trainable copy of the Stage-A
policy on the self-labeled target data.

Architecture. The action branch and the recognition
branch share one pretrained vision-language backbone. The
action head predicts a chunk of actions from the cur-
rent observation and the instruction, to which we append
“Preference: w(c)”, where w(c) is a fixed phrase such as
“grasp low”. The recognition branch reuses the VLM’s
language head instead of adding a classifier. It receives a
short demonstration clip, proprioceptive information, and a
question about the preference, and for the binary axes used
here it answers with a single token.

Stage A: joint source training. Each training batch mixes
action samples and recognition samples. An action sample
pairs an observation and a preference-conditioned instruction
with the demonstrated action chunk, and contributes a regres-
sion loss Lact. A recognition sample pairs a demonstration



clip with its question and answer, and contributes a cross-
entropy loss Linf . The objective is

LA = Lact + λLinf , (3)

where λ weights the recognition loss. The result is a source
model MA = (πθA , gθA): the policy πθA acts on a stated
preference, and the recognizer gθA predicts the preference
expressed in a demonstration.

Stage B: labeling and adapting on the target. We
first freeze a copy of gθA and let it label every target
demonstration:

ĉ(j) = argmax
c∈C

gθA(c | o(j), s(j), q), (4)

where o(j) denotes the sampled observation clip, s(j) its
corresponding proprioceptive states, and q the fixed question
for the preference axis. The predicted label is cached and
appended to the demonstration’s instruction. Target ground-
truth preference labels are never provided to the recognizer
or the adapting policy.

We then initialize a trainable policy from the Stage-A pol-
icy πθA and adapt it on the self-labeled target demonstrations
with the action loss alone:

LB = LT
act

(
w(ĉ)

)
. (5)

The recognizer remains frozen while the policy is adapted,
so the cached target labels remain fixed throughout Stage B.
No recognition loss is applied during target adaptation.

Deployment. The user gives a target instruction and a
preference from the source vocabulary, and the adapted
policy acts on the combined prompt. The recognition branch
is not invoked at deployment, so SPT requires no additional
model call at inference time. For real-world rollouts, we use
discreteRTC for action execution [31].

Multiple preferences. For K axes the command is c =
(c1, . . . , cK) and every phrase w(ck) is appended to the
instruction. The same language head answers one question
per axis, and the recognition loss becomes

Lmulti
inf = − 1

K

K∑
k=1

log gθ(ck | ξ, qk). (6)

In Stage B the labeler predicts each component before
adaptation. Section V-E evaluates this with two axes.

V. EXPERIMENTS

We evaluate SPT through four sets of experiments. C1
tests whether preference recognition learned in Stage A
transfers to target demonstrations. C2 evaluates the complete
SPT pipeline for preference-controlled target adaptation in
simulation and on a real robot. C3 ablates the two-stage de-
sign to examine how Stage A transfer, target adaptation, and
target preference labeling affect task success and preference
following. C4 extends the setting to two preferences specified
in the same command.

A. Experimental Setup and Evaluation

Simulation. We generate preference-varied demonstra-
tions with RoboTwin 2.0 expert scripts [16] along five
axes: grasp contact height (low or high on the object),
release height (low or high), obstacle clearance (narrow or
wide detour), grasp orientation (side or top), and placement
location (center or corner). Fig. 3 illustrates the preference
axes with different objects, note that all preferences apply
to all objects. The source set contains eight tasks per axis,
with 100 demonstrations per preference value per task. Each
axis has one held-out target task with 100 demonstrations,
balanced at 50 per preference value.

Real robot. We evaluate two preference transfers between
different task types (Fig. 4) in real world with a UR5e
robot arm. For obstacle clearance, we transfer from pick-
and-place around an obstacle to bowl pushing, with near and
far path preferences. For strike strategy, we transfer from air
hockey to billiards, with direct and bank-shot preferences.
The source and target tasks differ in their objects and contact
dynamics, while sharing the same goal and the corresponding
preference axes. Each source and target set contains 100
demonstrations, with 50 per preference value. Target pref-
erence annotations are hidden during adaptation. Pick-and-
place and bowl-pushing demonstrations are collected using
FastUMI [32], [33]. Each method is evaluated for ten trials
per preference command.

Prompts. The action prompt consists of the task instruc-
tion and, when a preference label is available, the suffix
“Preference: w(c)”. For example: “Pick up the cup and
place it on the plate while grasping it low.” Source policy
training uses the ground-truth preference label. During target
adaptation, SPT appends the recognizer’s inferred label,
while Naive FT uses the bare instruction. The recognizer
receives a fixed binary question for each axis, such as “Did
the robot grasp the object low or high?”, and predicts the
preference label as a single-token answer.

Metrics. Recognition accuracy is the fraction of tar-
get demonstrations whose predicted preference matches the
ground truth. For SPT, these annotations are used only for
evaluation and are not exposed during target adaptation.
Chance is 50% on every axis. Preference following is the
fraction of all assigned rollouts that satisfy the complete
requested preference command. Task success measures task
completion over the same rollouts. For the multi-preference
experiment in Section V-E, we also report joint success, the
fraction that both complete the task and follow the command.
A rollout can succeed a task but not follow a preference, then
it contributes to Task success but not to Preference following
and joint success.

Thresholds are calibrated from source demonstrations and
fixed before target evaluation. For clearance, we select the
arm with the larger XY path length and use the trajectory
segment between 25% and 85% of the rollout. Clearance is
the maximum perpendicular XY deviation from the line join-
ing the two endpoints of this segment. Table I summarizes
the rollout statistic and fixed threshold for each simulated
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Fig. 3. Illustration of preferences in simulation. The base instruction is “Pick up A and place it on B” with different objects and receptacles in the
source and target sets. Columns show the five preference axes and rows show their two values. The single-axis experiments evaluate each preference type
separately; Section V-E combines release height and placement preferences.

Direct Shot

Bank Shot

Direct Shot

Bank Shot

Short Detour

Large Detour

Short Detour 

Large Detour

Source Task Target Task Source Task Target TaskSPT SPT

Fig. 4. Real-robot setup. Left: pick-and-place (source) and pushing (target) with two obstacle-clearance preferences. Right: air hockey (source) and
billiards (target) with direct and bank-shot strategies. Dashed paths show the requested behaviors.

preference axis.
Baseline. Naive FT starts from the same manipulation-

pretrained checkpoint as SPT and follows the same source-
then-target optimization schedule. It first trains for 10000
steps on preference-labeled source demonstrations using only
the action loss, then adapts for 1500 steps on the 100
target demonstrations using bare task instructions. It uses
neither the recognition objective nor inferred target labels.
The baseline therefore matches the amount of source and
target optimization, while Section V-D provides matched
controls that isolate the role of self-labeling during target
adaptation.

Implementation. We initialize the policy from a
StarVLA-α RoboTwin 2.0 checkpoint [34], which uses
Qwen3-VL-4B-Instruct [35] as the vision-language backbone
and a residual MLP head for continuous action-chunk predic-

tion. In simulation, the policy receives three 224×224 RGB
views and the instruction, without proprioceptive inputs. The
action head predicts 50-step chunks of 14-dimensional joint
actions using an L1 loss. The recognizer receives three head-
camera frames and the active arm’s 9-D EE state at each
frame, comprising position and a 6-D rotation representation.
A learned projector converts each state into a soft token for
the shared backbone.

Stage A jointly trains action prediction and single-token
preference recognition using λ = 0.5 in Eq. 3. We use
an 80/20 source train/validation split, 10000 source-training
steps, and 1500 target-adaptation steps, with an effective
batch size of 64. Stage B uses all 100 target demonstra-
tions and the action loss only. The labeler remains frozen
throughout adaptation, and matched controls use the same
optimization schedule.



TABLE I
SIMULATION PREFERENCE METRICS AND FIXED SOURCE-CALIBRATED

THRESHOLDS.

Axis Demonstration control and rollout statistic

Contact height Grasp at 20–30% or 70–80% of object
height. EE vertical offset from the object
origin at grasp; threshold 6.83 cm.

Release height Low or high release. Object vertical
displacement from grasp to immediately
before release; threshold 12.45 cm.

Clearance Direct path or 20–25 cm detour. Maximum
XY deviation from the 25%–85% trajectory
chord; threshold 15.01 cm.

Orientation 0◦ or 90◦ grasp. Left-wrist orientation
feature at grasp; threshold 41.22◦.

Placement Center or corner target. EE XY distance to
the receptacle’s initial actor position at
release; threshold 5.36 cm.

TABLE II
ROBOTWIN SIMULATION RESULTS (%). PREFERENCE RECOGNITION

ACCURACY IS EVALUATED ON TARGET DEMONSTRATIONS; TASK

SUCCESS AND PREFERENCE FOLLOWING ARE EVALUATED ON POLICY

ROLLOUTS.

Preference
Recognition Acc.

Task
Success

Preference
Following

Preference axis Zero-shot SPT Naive FT SPT Naive FT SPT

Contact height 51 100 92 95 59 90
Release height 46 100 89 91 53 81
Clearance 53 92 85 82 57 75
Orientation 50 100 94 92 61 90
Placement 59 90 80 86 67 83

Average 51.8 96.4 88.0 89.2 59.4 83.8

For the policy results in Table II, we use three indepen-
dent training seeds and evaluate 50 rollouts per preference
command for each seed. We first average across the two
preference commands for each axis and then across training
seeds.

B. C1: Target Preference Recognition

We evaluate the source-trained recognizer on the 100
target demonstrations for each preference axis before target
adaptation. As an off-the-shelf vision-only reference, we use
Qwen3-VL-4B-Instruct without source preference training.
It receives the same three head-camera frames and binary
question and scores the two candidate answers using black-
image prior calibration. SPT additionally receives EE-state
tokens and starts from a manipulation-pretrained checkpoint.
This comparison therefore does not isolate the effect of
source preference training. The recognition columns in Ta-
ble II report label accuracy; the remaining columns report
the policy results discussed in Section V-C.

The Stage-A recognizer achieves 96.4% average accu-
racy on target demonstrations. It reaches 100% on contact
height, release height, and grasp orientation, 92% on obstacle
clearance, and 90% on placement location. The off-the-shelf
zero-shot VLM reference achieves 51.8% on average. Thus,

TABLE III
REAL-ROBOT RESULTS (%), AGGREGATED OVER BOTH PREFERENCE

COMMANDS FOR EACH TARGET TASK (20 TRIALS PER TASK).

Task Success Preference Following

Target task Naive FT SPT Naive FT SPT

Pushing 95 100 55 100
Billiards 85 90 50 85

the recognizer learned on the source tasks generalizes well
enough to provide high-quality labels for target adaptation
across all five preference axes.

Summary. The Stage-A recognizer transfers to the target
demonstrations with 96.4% average accuracy and at least
90% accuracy on every axis. These predictions provide the
preference labels used for target adaptation in Stage B,
without exposing the model to target preference annotations.

C. C2: Preference-Controlled Target Adaptation

Simulation. Table II compares Naive FT and SPT across
all five axes. SPT improves average preference following
from 59.4% to 83.8%, a gain of 24.4 percentage points.
Following improves on every axis, with gains ranging from
16 points for placement to 31 points for contact height.
Average task success is 89.2% for SPT and 88.0% for Naive
FT. Task success is not uniformly higher: SPT is lower than
Naive FT on clearance and orientation, despite improving
preference following. Section V-D shows that the gain is
not explained by the Stage-A initialization alone: finetuning
the same Stage-A policy on the same target demonstrations
without self-labels substantially weakens preference control.

Preference following on the real robot with task trans-
fer. SPT follows the requested preference in 37 of 40 trials,
compared with 21 of 40 for Naive FT (Table III). It follows
both clearance requests in all 20 pushing trials and the
direct and bank-shot preferences in 17 of 20 billiards trials.
Task success is 38 of 40 for SPT and 36 of 40 for Naive
FT. These results show that clearance preferences learned
from pick-and-place transfer to bowl pushing, while strike
preferences learned from air hockey transfer to billiards,
without preference annotations on the target demonstrations.

Summary. SPT improves preference following over Naive
FT by 24.4 percentage points in simulation and 40 points
on the real robot, with similar average task success. The
improvement holds across all five simulated axes and both
real-robot task transfers.

D. C3: Ablation Studies: Why Are Both Stages Necessary?

Source initialization and target adaptation. Table IV
studies placement location and contact height. Source-only
evaluates the joint Stage A policy directly on the target
tasks without target adaptation. All matched adaptation con-
trols start from the same joint Stage A checkpoint as SPT
and use the same 100 target demonstrations and 1500-
step adaptation schedule. Same-init plain FT adapts using
bare task instructions. random labels randomly permutes the
inferred preference labels across target demonstrations while



TABLE IV
ABLATIONS OF THE TWO-STAGE DESIGN (%) ON PLACEMENT LOCATION

AND GRASP CONTACT HEIGHT. BOLD MARKS THE BEST RESULT AMONG

METHODS WITHOUT TARGET PREFERENCE ANNOTATIONS; TIES ARE

ALSO BOLD. SUPERVISED REFERENCES ARE SHOWN BELOW THE

MIDRULE.

Task Success Preference Following

Method Placement Contact Placement Contact

Naive FT 80 92 67 59
Source-only 67 85 80 88
Same-init plain FT 69 95 52 50
random labels 66 92 50 55
Zero-shot VLM 70 93 60 50
SPT (Ours) 86 95 83 90

Few-label GT 81 91 75 86
Oracle GT 84 98 98 96

preserving the label histogram. Zero-shot VLM uses labels
predicted by the off-the-shelf VLM from Section V-B. SPT
instead uses labels from the Stage A recognizer. Naive FT
is the full-pipeline baseline defined in Section V-A.

Few-label (10 GT) adapts on ten target demonstra-
tions with ground-truth preference labels; the remaining 90
demonstrations are not used in this run. Oracle GT uses
ground-truth preference labels for all 100 target demonstra-
tions. Both start from the same joint Stage A checkpoint.
These provide references at two levels of target preference
supervision, although Few-label also uses less target action
data than the full-data methods.

Effect of target adaptation. Source-only already exhibits
preference control on the target tasks, reaching 80% follow-
ing on placement and 88% on contact height, but achieves
task success of only 67% and 85%. Adapting the same
Stage A checkpoint using bare target instructions yields 69%
and 95% task success, while preference following drops to
52% and 50%. SPT instead reaches 86% and 95% task
success while retaining 83% and 90% preference follow-
ing. These results show that Stage A transfers preference-
conditioned behavior, while self-labeled target adaptation
improves adaptation to the target tasks without erasing that
control.

Effect of label assignment. random labels yields 50%
preference following on placement and 55% on contact
height, while labels from the zero-shot VLM yield 60%
and 50%. SPT reaches 83% and 90%, respectively. Because
these conditions use the same Stage A initialization, target
demonstrations, and adaptation schedule, the results indicate
that target adaptation depends on labels that reliably identify
the preference expressed in each demonstration.

Ground-truth supervision. Oracle GT reaches 98% pref-
erence following on placement and 96% on contact height,
compared with 83% and 90% for SPT. This leaves gaps of 15
and six percentage points to the fully supervised reference.
Few-label (10 GT), which uses ground-truth preference la-
bels for only ten target demonstrations, reaches 75% and
86%. Because it also uses substantially less target action

TABLE V
TWO-PREFERENCE TARGET ADAPTATION (%). PREFERENCE

FOLLOWING IS REPORTED FOR EACH PREFERENCE AND FOR BOTH ON

THE SAME ROLLOUT.

Preference Following Task
Success

Joint
Success

Method Release Place Both

Source-only 78.8 71.9 62.5 33.8 29.4
Random labels 43.8 45.6 24.4 91.9 21.9
Same-init plain FT 70.6 61.3 42.5 90.6 40.0
SPT (Ours) 100.0 93.8 93.8 90.6 88.8

data, we treat it as a low-annotation reference rather than
a matched comparison of label quality.

Summary. Stage A transfers preference-conditioned behav-
ior to the target tasks, but the source-only policy remains
less adapted to the target. Fine-tuning on bare instructions
weakens preference control, while Stage B uses inferred
labels to adapt without losing that control. random and
zero-shot labels perform substantially worse, indicating that
effective target adaptation requires reliable preference labels.
SPT therefore approaches the fully supervised reference
without target preference annotations.

E. C4: Simultaneous Preference Control

We extend SPT to two simultaneous preferences by com-
bining release height and placement location, yielding four
commands: low–center, low–corner, high–center, and high–
corner. Source and target demonstrations cover all four com-
binations, but only source demonstrations have preference
labels. The recognizer predicts both labels independently
and achieves 100% accuracy on each label and on the
complete pair; therefore, inferred and ground-truth target
labels coincide and we omit a separate Oracle GT condition.

Table V compares Source-only, Same-init plain FT, ran-
dom labels, and SPT using the same two-axis Stage A initial-
ization, target demonstrations, and adaptation schedule. We
evaluate 40 held-out scenes under all four commands, for 160
rollouts. Placement is evaluated from the released object’s
final XY position. Because all four combinations appear in
training, this experiment evaluates simultaneous preference
control rather than generalization to unseen combinations.

SPT follows both preferences in 93.8% of rollouts, com-
pared with 42.5% for Same-init plain FT and 24.4% for ran-
dom labels. Joint success is 88.8%, versus 40.0% and 21.9%,
while SPT and Same-init plain FT have the same 90.6% task
success. Thus, the improvement comes from following the
requested execution rather than task completion.

Summary. SPT supports two simultaneous execution pref-
erences in this setting, with 93.8% command following and
88.8% joint success without target preference annotations.

VI. CONCLUSION AND DISCUSSION

A. Conclusion

We studied preference transfer without target preference
annotations. SPT jointly learns preference-conditioned ac-
tion and preference recognition on labeled source tasks,



then uses the recognizer to self-label target demonstrations
for adaptation. Across five simulated axes, the recognizer
achieves 96.4% target accuracy and SPT improves preference
following by 24.4 percentage points over Naive FT with
similar task success. SPT also transfers preference control
across task types on a real robot and supports two simultane-
ous preferences in simulation. Ablations show that effective
target adaptation depends on reliable labels associated with
the demonstrated behavior, suggesting that source preference
annotations can be reused across target tasks.

B. Limitations and Future Work

The current formulation assumes a predefined preference
vocabulary and target demonstrations that contain the rel-
evant behaviors. Our experiments primarily study binary
preferences, with simultaneous control evaluated on two axes
whose combinations are observed during training. Extending
SPT to continuous or open-vocabulary preferences, unseen
preference combinations, and recognition with abstention for
out-of-vocabulary behaviors are directions for future work.
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