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Abstract— Pre-trained robot policies serve as the foundation
of many validated robotic systems, which encapsulate extensive
embodied knowledge. However, they often lack the semantic
awareness characteristic of foundation models, and replacing
them entirely is impractical in many situations due to high costs
and the loss of accumulated knowledge. To address this gap, we
introduce GUIDES, a lightweight framework that augments pre-
trained policies with semantic guidance from foundation models
without requiring architectural redesign. GUIDES employs a
fine-tuned vision-language model (Instructor) to generate con-
textual instructions, which are encoded by an auxiliary module
into guidance embeddings. These embeddings are injected into
the policy’s latent space, allowing the legacy model to adapt
to this new semantic input through brief, targeted fine-tuning.
For inference-time robustness, a large language model-based
Reflector monitors the Instructor’s confidence and, when confi-
dence is low, initiates a reasoning loop that analyzes execution
history, retrieves relevant examples, and augments the VLM’s
context to refine subsequent actions. Extensive validation in
the RoboCasa simulation environment across diverse policy
architectures shows consistent and substantial improvements
in task success rates. Real-world deployment on a UR5 robot
further demonstrates that GUIDES enhances motion precision
for critical sub-tasks such as grasping. Overall, GUIDES offers
a practical and resource-efficient pathway to upgrade, rather
than replace, validated robot policies.

I. INTRODUCTION

Integrating foundation models, including vision-language
Models (VLMs) [1], [2], [3], [4], [5], [6] and large language
models (LLMs) [7], [8], into robot policies has driven
significant advances in high-level semantic reasoning and
task generalization [9], [10], [11], [12], [13], [14], [15],
[16], [17], [18], [19]. End-to-end architectures, such as RT-
2 [20] and OpenVLA [12], demonstrate remarkable emer-
gent capabilities through training on massive multi-modal
datasets. While foundation models represent a promising
direction for next-generation robotics, they also introduce
a fundamental challenge for existing systems. Many de-
ployed robots still rely on traditional policies, such as BC-
Transformer [21] or Diffusion Policy [22], which, although
lacking semantic awareness, have been extensively trained
and validated on real-world data, making them reliable and
valuable. Replacing these systems with monolithic VLA
architectures risks discarding accumulated knowledge and
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would incur prohibitive re-validation costs and deployment
risks. Therefore, in this work, we propose a distinct design
regime: augmenting existing validated policies with compact
semantic guidance rather than replacing them entirely.

This leads to a key research question: How can we design a

semantic co-processor that seamlessly integrates with diverse
pre-trained policies to empower them with foundation model
capabilities without modifying their core, validated archi-
tectures? To address this, we introduce GUIDES (Guidance
Using Instructor-Distilled Embeddings), a lightweight and
architecture-agnostic framework that provides a principled
mechanism for integrating foundation model capabilities into
pre-trained robot policies, as illustrated in Figure 1. A fine-
tuned VLM, termed the INSTRUCTOR, generates contextual
action instructions that are distilled by a lightweight auxil-
iary module into compact guidance embeddings, which are
injected directly into the policy’s latent space. Crucially,
GUIDES enhances decision making robustness beyond sim-
ple instruction-following through a novel REFLECTOR mod-
ule at inference time. The REFLECTOR forms a dynamic on-
line reasoning loop: it employs an LLM to analyze execution
history, diagnose potential failures using Chain-of-Thought
reasoning [10], and retrieve relevant knowledge from past ex-
periences. This reflective mechanism significantly improves
performance in long-horizon, high-complexity tasks where
subtle errors may otherwise cascade into mission failure.
Integrating GUIDES requires no architectural modification to
the base policy. A brief fine-tuning stage is sufficient to train
the auxiliary module and minimally adapt the original policy
parameters to the new semantic inputs. This non-invasive
design preserves the integrity of the pre-trained architecture
while enabling compatibility with VLM and LLM tools.

The main contributions of this work are as follows:

« We propose GUIDES, an architecture-agnostic frame-
work that augments existing, validated robot policies
with foundation model capabilities, preserving original
architectures and leveraging pre-trained knowledge.

e We introduce a novel inference-time reflection mecha-
nism that leverages LLM-based Chain-of-Thought rea-
soning to analyze execution history, anticipate failures,
and improve task success rates.

o We validate GUIDES across heterogeneous policy ar-
chitectures (e.g., Transformers, Diffusion Models) on
the RoboCasa benchmark [23] and demonstrate suc-
cessful real-world deployment on a URS robot, which
shows consistent performance gains and strong cross-
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Fig. 1: Overview of the Guides framework. The INSTRUCTOR, initially fine-tuned with motion ground truth, provides
step-wise instructions. These are mapped to guidance embedding via an auxiliary module, and integrated with the original
model’s latent space ¢ to enhance my. Meanwhile, the REFLECTOR uses Chain-of-Thought reasoning to analyze execution
and infer potential risks or next steps. It queries via embedding retrieval based on the execution history.

architecture generalization.

II. RELATED WORK
A. End-to-End Foundation Model Integration

A growing body of work focuses on directly integrating
large foundation models into robotic policies [24]. Unified
architectures like RT-2 [20] and OpenVLA [12] combine
visual perception, language understanding, and control in
an end-to-end fashion. Similarly, language-conditioned meth-
ods, such as Perceiver-Actor [25] and RACER [26], in-
corporate textual inputs directly into the policy network.
While these approaches demonstrate impressive capabilities,
they require significant architectural changes and extensive
training, which hinders the reuse of existing pre-trained
models. In contrast, we demonstrate how foundation model
guidance can be effectively incorporated while preserving the
architecture and pre-trained weights of existing policies.

B. Efficient and Decoupled VLA Architectures

To address the computational demands of monolithic mod-
els, several studies explore more efficient or modular ar-
chitectures. For instance, TinyVLA [27] constructs compact

end-to-end policies by initializing from smaller pre-trained
models and integrating components such as a diffusion policy
decoder. RoboFlamingo [9], on the other hand, adopts a
decoupled design, using a frozen VLM to extract visual-
language features passed to a separate trainable policy head.
While these methods improve efficiency, they still require a
specific architectural redesign, either by adopting a compact
model from scratch or constructing a composite VLM-
plus-head framework. This makes them less suitable for
retrofitting existing policies without extensive modification.
In contrast, GUIDES enhances legacy policies in a minimally
invasive manner.

C. Hierarchical Task Planning Integration

Another line of research uses VLMs for high-level task
planning instead of direct control. Hierarchical methods, such
as VLM-TAMP [28], interpret natural language instructions
using a VLM to generate symbolic subgoals, which are then
passed to a Task and Motion Planning (TAMP) system.
While this leverages the reasoning strength of VLMs, it
enforces a rigid two-level control hierarchy. Such approaches
are incompatible with monolithic end-to-end policies that
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lack a built-in hierarchical structure. GUIDES, however, di-
rectly augments a single policy architecture without requiring
an explicit task planner, which preserves the flexibility and
modularity of existing models.

D. Behavior Cloning

Behavior Cloning (BC) [29], [30] is an imitation learning
approach that trains policies by mimicking expert demon-
strations [31], [32], [33]. However, BC often struggles in
real-world applications due to sensitivity to small deviations
from optimal behavior. In Figure 1, for the task “pick up
the tomato and place it on the counter”, even a slight
misalignment between the gripper and the tomato can lead to
failure, regardless of how optimal the remaining trajectory is.
GUIDES introduces auxiliary semantic guidance at each time
step based on the current state. Through post-training, both
the original policy and the auxiliary module learn to map
these semantic cues to improved action selection, enhancing
performance step by step.

In summary, we position our approach as an “upgrade”
route rather than a “replacement”. End-to-end VLAs (e.g.,
RT-2, OpenVLA) restructure the perception—action stack and
rely on large, cross-embodiment corpora; modular designs
(e.g., RACER, TinyVLA/RoboFlamingo) still introduce new
conditioning pathways or heads. By instead fusing compact
guidance into the incumbent latent space, we avoid interface
changes and re-qualification overheads, making our method
complementary to VLAs rather than a competing full re-
placement [20], [12], [26], [27], [9].

3

III. METHODS

We formulate our task as a behavior cloning (BC) problem.
The objective is to learn a policy 7wy that maps observa-
tions x; to actions a; by imitating expert demonstrations
{(z¢,a;)},. At each time step ¢, the agent observes
x¢, and the expert provides the corresponding action ay.
The policy is trained to maximize the likelihood of ex-
pert actions conditioned on the observed states: Lpc(0) =
- i\]: 1 logmg(as | x¢), where 6 denotes the parameters
of the policy. Performance is evaluated using the task suc-
cess rate in test environments, where a task is considered
successful if completed within a fixed horizon of H steps.
GUIDES enhances a base robot policy 7y with semantic
knowledge from foundation models, without modifying the
underlying architecture. The framework introduces three key
components: (1) an INSTRUCTOR, a fine-tuned VLM that
generates step-wise textual instructions; (2) an auxiliary
embedding module 1), that encodes these instructions into
compact guidance embeddings g;, which are injected into
the policy’s latent space; and (3) a REFLECTOR module,
comprising an LLM and VLM, which operates at inference
time to refine instructions via chain-of-thought reasoning.
Figure 1 illustrates the complete system pipeline.

a) INSTRUCTOR: The INSTRUCTOR, powered by a
vision-language model (VLM), generates step-wise action
instructions I%,.. A key challenge is that general-purpose
VLMs often struggle with the fine-grained spatial reasoning

required for robotic manipulation [34], [35]. To address
this, we fine-tune the INSTRUCTOR using a novel two-
stage procedure that distills spatial knowledge from expert
demonstrations: /) Ground-Truth Instruction Generation, and
2) Model Fine-Tuning.

1) Ground-Truth Instruction Generation. We construct
a high-quality dataset of text instructions grounded in phys-
ical motion. For each time step ¢ in an expert trajectory,
we extract the ground-truth motion delta of the end-effector,
SM?, in the world frame. This delta encodes the precise
physical action and is defined as:

SMt — [T(W,H—l) — 7OV ROV.+1) _ R(W,t)} .

We then prompt the VLM with the current observation
(RGB image and robot state) and the corresponding ground-
truth motion delta §M?, instructing it to generate a textual
description that reflects the given motion. For instance, if
dM? corresponds to vertical upward movement, the VLM
may produce an instruction like “lift the tomato vertically
out of the bin.” This yields a set of kinematically grounded
textual labels, denoted as {I%},.}.

2) Model Fine-Tuning. We fine-tune the INSTRUCTOR
using these generated labels. During the training phase, the
input to the model is a standard prompt PZ,,., which includes
the task description, RGB observation, and robot state, but
critically excludes the ground-truth motion §M*. The model
is trained to predict the corresponding instruction 1%}, as the
target output. This prompt format is identical to the one used
during inference, which is provided in the following.

Through this two-stage process, the INSTRUCTOR learns
to map visual and proprioceptive inputs directly to spatially
grounded instructions, effectively internalizing the expert’s
spatial reasoning from kinematic data without requiring
access to such data during inference.

Prompt for INSTRUCTOR (Training & Inference)

Task: <e.g., Pick up the tomato and place it on the counter>
RGB Observation: <Image data>
Robot State: < EEF Position and Gripper state>

System Instruction for VLM: You are a helpful robot as-
sistant. Based on the inputs, generate a two-part response
describing the current situation and the best next action.

1) Condition: Analyze the image and robot state to con-
cisely describe only the key observations critical to task
execution or potential hazards.

2) Next Action: State the immediate next action the robot
should perform.

Example VLM Output:

Condition: The gripper is open and positioned directly above
the red tomato in the cabinet.

Next Action: Lower the end-effector vertically to grasp the
tomato.

b) Auxiliary Encoding Module (AEM): To inject high-
level semantic guidance into the policy, we introduce a
lightweight auxiliary embedding module ,,. At each time
step t, it receives a task specification S; = (7%, IL,,), which
consists of the task description and the step-wise instruction
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from the INSTRUCTOR and generates an embedding g; =
1y (S¢). This embedding is combined with the policy’s latent
representation via an integration operator ®, forming the
input to the decoder:

To.m(at | 2t) = Do) (Pof:n) (1) @ 81)-

We inject g; at the encoder output ¢gj.,,) for two reasons: (1)
it shortens the backpropagation path for n, which minimizes
interference with pretrained weights; and (2) it generalizes
across architectures with minimal modification. In our im-
plementation, ,, employs a cross-attention mechanism to
dynamically contextualize the step-wise instruction embed-
ding with the global task. The resulting informed guidance
vector g; is then processed by a lightweight feed-forward
network. To integrate g; with the latent feature @gp.j(¢),
we adopt element-wise addition, as it introduces negligible
computational overhead and preserves the architectural in-
tegrity of the policy backbone by avoiding any changes to
tensor shapes, ensuring maximum adaptability.

c) Guidance Awareness Training: This stage efficiently
fine-tunes the policy head (Dg[y.)) and the lightweight guid-
ance branch (v;), while keeping the large visual encoder
(¢g[:n)) frozen. To ensure the training is both practical
and principled, we address two key challenges: the high
computational cost of inference and the need for a sample-
efficient fine-tuning schedule.

1) Reducing Inference Cost. Querying the INSTRUCTOR
VLM at every step of a long-horizon task (300-1000 steps)
is prohibitively expensive. To mitigate this, we reuse the
previous instruction when the visual scene remains largely
unchanged. Specifically, we compute the CLIP cosine simi-
larity between consecutive frames (s; = sim(z, x:—1)), and
only query the VLM when s; < 74 (7sim = 0.95). This
simple yet effective heuristic reduces wall-clock training time
by a factor of 4-10 times.

2) Sample-Efficient Fine-Tuning Schedule. Determining
an efficient fine-tuning duration without extensive trial-and-
error is challenging. To address this, we draw inspiration
from PAC learning theory [36], which states that the number
of training samples (m) required scales with the number of
learnable parameters (|0]). Given that our guidance branch
is significantly smaller than the base model (|n| < 6],
approximately 0.8% in our setup), we apply a proportional
scaling rule to define a lightweight fine-tuning schedule:
E, = [} B, where E is the full training schedule and E, is
the schedule for the guidance branch. This approach reduces
training epochs to only 5-10% of the original schedule,
ensuring both theoretical soundness and practical efficiency.

3) Optimization Objective. The policy head and guidance
branch are jointly updated via a guidance-aware behavior
cloning loss. Instead of conditioning the policy solely on
visual features, we inject semantic guidance by forming a
hybrid latent representation, summing the visual features
with the language-based guidance embedding:

N
L(0,n) = —Zlogﬁe(at | o(xe)  +Un( ?UX,Tcur))‘
t=1 M~ ~—

Visual Features ~ Guidance Embedding

Conceptually, the guidance embedding serves as a steering
vector that modulates the agent’s raw perception @(z:),
making it more task-aware. This objective enables the policy
to co-adapt to semantic guidance signals, supporting nu-
anced, language-driven behaviors while maintaining a mini-
mal training budget.
d) REFLECTOR: Inference-Time Action Refinement:

To enhance robustness during inference, we introduce RE-
FLECTOR, a module that improves action prediction when
the VLM exhibits low confidence. At each time step ¢, the
VLM, serving as a preliminary decision-maker, receives a
multimodal prompt consisting of the current image, task
description, and robot state. It generates: 1) a step-by-step
chain-of-thought (CoT), 2) a textual description of the current
condition C?,,, and 3) a predicted action instruction I

s str*
Each prediction is accompanied by a confidence score:

L
1
Conf(a) = I Z max (softmax(a;)),

t=1

where a; is the logit vector for the ¢-th token in the action
sequence of length L. This score serves as a practical
heuristic for detecting uncertainty. If the confidence falls
below a predefined threshold 7, the REFLECTOR is triggered.

The REFLECTOR initiates an iterative refinement loop by
invoking an LLM to act as a diagnostic engine. It analyzes
the VLM’s chain-of-thought and task prompt to identify
the root cause of the low confidence, such as semantic
ambiguity, logical gaps, or failure to account for critical
environmental context. Based on this diagnosis, the LLM
formulates a targeted query to retrieve the top-k most relevant
(condition, action) pairs from prior execution logs. This
retrieved knowledge is appended as additional context to a
new VLM prompt, which enables the model to re-evaluate
and generate a more informed action.

The strength of this framework lies beyond single-instance
correction; it establishes a virtuous cycle of self-improvement.
The final, successfully executed (CY,,,I%,.) pair at each
time step is stored in a structured execution log MF . [:
t]. Each time the REFLECTOR resolves an uncertainty, the
refined, high-quality action pair is not merely archived—it
is integrated into the agent’s memory. This transforms the
execution log from a passive record into an active, evolving
knowledge base that the system can leverage in future tasks.
The reflection-driven mechanism thus supports a form of life-
long adaptation, enabling the agent to become progressively
more robust and context-aware by accumulating a richer
repository of its own successfully navigated experiences. The
complete workflow of this reflection-driven refinement loop
is illustrated below:

Reflector: Iterative Refinement Loop

Trigger: VLM-generated action has low confidence

(Conf(a) < 7).

[Step 1] LLM Reflection & Query Formulation
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Input to LLM:

o VLM’s Thinking Steps: <The chain-of-thought
trace from VLM>
o Task Description: <The overall goal, e.g., pick
up the tomato and place it on the counter>
Instruction for LLM: Given the thinking steps and the
task, what key information is still needed to proceed
confidently? Output one sentence.
Output from LLM (Diagnostic Query):

<A generated question, e.g., How should I adjust my
grasp when the target is partially obstructed by a
movable, non-target object?>

[Step 2] Retrieve Relevant Examples from Execution Log
« Retrieved Example 1: (Condition: Trying to get mustard,
but salt shaker was blocking. Action: Gently nudge the
salt shaker to the side, then grasp the mustard.)
« Retrieved Example 2: (Condition: Reaching for a mug,
but a book was too close. Action: Tilt the gripper to
approach from a sideways angle, avoiding the book.)

[Step 3] VLM Refinement with Augmented Context

New, Augmented Input to VLM:

e Original Inputs: <Image, Task Description,
Robot State>

« Augmented Context (from Step 2):
Here are some examples to help you decide. Now,
re-evaluate and provide the best next action.

IV. EXPERIMENTS

Our extensive experiments answer the following questions:
Q1) Can GUIDES improve the success rate of different poli-
cies consistently? Q2) How does REFLECTOR’s inference-
time reasoning affect the improvement of the success rate?
Q3) Is GUIDES effective in real-world tasks?

A. Baselines and Experimental Setup

To validate GUIDES, we conduct experiments in Robo-
Casa, a high-fidelity simulation benchmark with 24 diverse,
long-horizon kitchen tasks. These tasks, ranging from 200
to 700 steps, are challenging due to their complexity and
multi-stage structure. To demonstrate the versatility of our
framework, we evaluate GUIDES using heterogeneous policy
architectures, including a behavior cloning transformer and
a diffusion model. We adopt DeepSeek-VL-7B-Chat [37]
as the INSTRUCTOR to generate semantic guidance, and
Qwen2-7B as the REFLECTOR for inference-time reasoning.
For real-world validation, we deploy GUIDES on a URS5
robotic platform with an EYE-IN-HAND Intel RealSense
D435i depth camera [38]. We evaluate the system on the
challenging “PnPCabToCounter” task, demonstrating its ro-
bustness and practicality in physical environments.

B. Experiments in Simulation

a) The Performance of GUIDES for Policy Enhance-
ment.: We evaluate the effectiveness of GUIDES in en-
hancing pre-trained policies on the RoboCasa benchmark,
covering both transformer-based and diffusion-based archi-
tectures. In all experiments, we apply our guidance-aware
training strategy to inject semantic instructions generated
by the INSTRUCTOR. To align the pre-trained policy with
the newly injected semantic signals, we perform a brief
adaptation phase. Our evaluation (Table I) starts from a base
policy trained for 900 epochs. We compare continued train-
ing for an additional 100 epochs (a lightweight adaptation
representing only 10% of the original schedule), with and
without GUIDES. For transformer-based policies, GUIDES
improves the average absolute success rate by 10 percentage
points and the relative success rate by 33.78%. For diffusion-
based policies, GUIDES improves performance on tasks
with non-zero baseline success by an average of 106% in
relative terms. These results demonstrate that GUIDES serves
as a general-purpose performance enhancer across diverse
policy architectures, which validates our core hypothesis that
supervising a policy on high-level semantic intents instead of
low-level kinematics acts as a powerful regularizer, fostering
more robust and generalizable behaviors.

b) Effectiveness of REFLECTOR.: To evaluate the im-
pact of the REFLECTOR, we test it on three challenging
RoboCasa tasks where the base policies perform poorly. Due
to the high computational cost of inference-time reasoning,
we run 20 trials per task under identical initial conditions
to ensure a fair comparison. As shown in Table Ila, the
REFLECTOR significantly improves performance, achieving a
366.7% relative improvement over the baseline and a 47.4%
relative improvement over GUIDES without reflection. These
results provide strong evidence for our proposed architectural
division of labor: many critical task failures are not mere
motor execution errors but rather “strategic stalls” caused
by encountering novel uncertainties. The REFLECTOR intro-
duces a deliberative reasoning loop that enables the agent to
resolve such high-level uncertainties online during execution.
This problem-solving capability is a powerful complement to
the semantic guidance injected into the base policy, which
enables the agent to navigate challenging situations with
significantly greater robustness.

c) Gradient Embedding Quality Analysis.: We use t-
distributed stochastic neighbor embedding (t-SNE) [39] to
visualize the guidance embeddings G;, to examine whether
embeddings from different tasks exhibit meaningful semantic
structure. The resulting t-SNE plot (Figure 2) reveals distinct
and interpretable clusters. For example, object manipulation
tasks form a clear central group, while appliance-control
tasks cluster separately toward the right. At a finer level,
door and drawer operations subdivide into sub-clusters cor-
responding to hinged doors and sliding drawers, respectively,
which reflect their differing manipulation dynamics. Notably,
we observe partial overlap between manipulation and coffee-
making tasks, suggesting shared low-level primitives such as
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TABLE I: Comparison of w/o G (no GUIDES) vs. w/ G (with GUIDES) sorted by decreasing diffusion accuracy improvement

on the RoboCasa benchmark.

Task Transformer Diffusion Task Transformer Diffusion Task Transformer Diffusion
w/o G w/ G w/oG w/ G w/o G w/ G w/oG w/ G w/o G w/ G w/ioG w/ G
TurnOffSinkFaucet 082 0.84 0.12 0.22 TurnOffMicrowave 0.80 0.86 0.04 0.14 CloseDrawer 1.00 1.00 020 0.28
TurnOnStove 0.56 0.56 0.06 0.10 TurnOffStove 022 0.24 0.02 0.04 TurnSinkSpout 0.80 0.84 0.02 0.04
PnPCabToCounter 0.22 032 0.02 0.02 PnPCounterToCab  0.12 0.38 0 0 PnPCounterToMicrowave 0.10 0.16 0 0
PnPMicrowaveToCounter 0.14  0.16 0 0 PnPSinkToCounter 0.44  0.60 0 0  PnPStoveToCounter 0.36  0.50 0 0
OpenSingleDoor 0.32  0.54 0 0  OpenDoubleDoor 0.18  0.32 0 0 CloseDoubleDoor 0.74 0.84 0 0
CloseSingleDoor 0.88 0.94 0 0  OpenDrawer 0.58 0.78 0 0 CoffeeServeMug 034 0.36 0 0
CoffeeSetupMug 0.18  0.20 0 0 CoffeePressButton  0.64  0.82 0 0  TurnOnMicrowave 0.66 0.96 0 0
PnPCounterToSink 0.26 032 0.02 - PnPCounterToStove 0.12 0.14 0.02 - TurnOnSinkFaucet 0.46 0.66 0.02 -

t-SNE of the Guidance Embedding ¢ Colored by Task Categories

t-SNE Component 2

Task Group
BN manipulate_object
mm door_or_drawer

appliance_control
m coffee_tasks

t-SNE Component 1

Fig. 2: The t-SNE visualization of guidance embeddings (G;), colored by task category. Note the distinct clusters for
manipulation, door/drawer, and appliance-related tasks, which indicate a semantically structured latent space.

grasping and lifting. This structured organization indicates
that the guidance embeddings effectively encode both high-
level task categories and fine-grained interaction patterns,
which provides semantically rich context to the downstream
policy, and remains stable across multiple random seeds.

C. Ablation Study

We conduct an ablation study to assess the contribution
of different components in GUIDES and identify potential
performance bottlenecks. Starting from the average success
rate of the transformer-based model reported in Table IIb, we
evaluate the following modifications: 1) disabling motion-
aware fine-tuning; 2) removing task descriptions from the
AEM input; and 3) injecting stochastic (i.e., random) values
as guidance embeddings G; during inference. The results
reveal that G; is the most critical component: injecting
invalid (random) embeddings leads to complete task failure
across all runs, which highlights the necessity of semantically

grounded guidance for successful execution. Additionally,
motion-aware fine-tuning is essential for producing accu-
rate guidance and substantially impacts overall performance.
Another notable observation from Table IIb is that remov-
ing the task description (e.g., “move the tomato from the
cabinet to the counter”) from the AEM input only slightly
degrades performance. This suggests that the VLM can
generate highly relevant step-wise action instructions even
when only the current visual observation is provided. This
insight implies the dominant role of visual context in robotic
decision making within our framework.

D. Real Robot Experiment

To evaluate the generalization capability of GUIDES, we
deploy it on a 6-DoF URS5 robotic arm performing the
“PnPCabToCounter” task. We first generated a dataset of
3,000 trajectories by augmenting 50 expert demonstrations
from RoboCasa using MimicGen [40]. Using this dataset, we
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TABLE II: (a): effect of the REFLECTOR on selected tasks.
(b): ablation of key components of GUIDES.

(a) Task-wise performance with REFLECTOR.

Task BCX GUIDES REFLECTOR
PnPCounterToCab 0.12 0.38 0.56
TurnOffStove 0.22 0.24 0.40
CoffeeSetupMug 0.18 0.20 0.50
Average 0.17 0.27 0.49

(b) Ablation study of key GUIDES components.

Method Success Rate (%)
GUIDES (full) 55.1
w/o motion FT 44.5
w/o task desc. 46.0
w/o efficient AEM 0.0

Training in the Simulation Environment ™ Objects in the Simulation g}
i - E b =

—_— v
Deploy and Execute on the Real Robot

Fig. 3: Experimental platform with URS.

UR5 Trajectories - w/o
GUIDES

UR5 Trajectories - w/
GUIDES

Fig. 4: End-effector trajectory distribution (the block denotes
the “strike zone”).

trained a BC-Transformer visuomotor policy [21], deployed
it on the URS platform, and measured performance with and
without GUIDES integration.

a) Experimental Setup: To ensure the safety of
the robot during real-world evaluations, we mounted a
21inchx24inch cardboard box onto a shelf to serve as
an open-front cabinet substitute. An EYE-IN-HAND Intel
RealSense D435i camera [38] captures close-range visual ob-
servations, providing the input images required by the VLM.
During execution, trajectories generated by the trained pol-
icy are carried out using the SCALED-JOINT-TRAJECTORY-
CONTROLLER provided by the ROS 2 driver.

b) Control vs. Experimental Policies: We implement a
visuomotor policy based on a BC-Transformer. The control
policy serves as the baseline, trained entirely in simulation

TABLE III: End-effector “strike zone” entry ratio per object

Object w/o GUIDES  w/ GUIDES
apple 0.00000 0.24792
cereal box 0.00840 0.57200
green pear 0.00000 0.08288
orange 0.00044 0.21383
pill bottle 0.19454 0.82058
Overall Mean 0.04068 0.38795

for 1000 epochs without integrating the proposed GUIDES
framework. In contrast, the experimental policy incorporates
GUIDES, branching from the control policy at epoch 900
and undergoing an additional 100 epochs of fine-tuning
with guidance integration. Crucially, both the control and
experimental policies share the same underlying network
architecture, hyperparameters, and initialization before fine-
tuning. This controlled setup ensures a direct and fair com-
parison by holding all other variables constant.

¢) Results and Discussion.: To robustly evaluate per-
formance under sim-to-real conditions, we focus on grasp
precision, a critical phase in the task, by measuring the
frequency with which the end-effector enters a high-precision
“strike zone” around each object. The impact of GUIDES
is substantial (Table III), which increases average strike-
zone engagement nearly tenfold, from 4.1% to 38.8%. This
quantitative improvement is supported by qualitative obser-
vations (Figure 4), which show that GUIDES transforms
hesitant, drifting trajectories into more decisive and direct
motions. While the sim-to-real gap still limits full task
success, these results demonstrate that GUIDES effectively
translates semantic guidance into significantly more precise
and reliable physical behaviors. From a compute perspective,
while we do not benchmark wall-clock cost, GUIDES fine-
tunes lightweight auxiliaries and gates model calls to un-
certain steps, enabling single-GPU development. In contrast,
end-to-end VLAs train at scale—for example, OpenVLA
[12] trains on 64xA 100 for approximately 2 weeks and needs
15 GB GPU memory for single-GPU inference—so our focus
is an upgrade operating point rather than replacement. A full
cost—benefit analysis is left for future work.

V. CONCLUSION AND FUTURE WORK

We presented GUIDES, a lightweight, architecture-
agnostic framework that injects structured guidance from
foundation models into pre-trained robotic policies. GUIDES
preserves the original policy architecture and embodied
knowledge while achieving notable performance gains both
in simulation and on a real URS arm. These results demon-
strate that structured, model-agnostic guidance can substan-
tially enhance policy effectiveness without costly retraining
or architectural modifications. However, GUIDES remains
a policy enhancer, it cannot bootstrap task success when
the baseline policy exhibits no useful behavior. This is
because GUIDES functions as a semantic bias that steers
the policy within its learned latent manifold, but relies on
the base model’s pre-trained decoder to execute physically
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feasible motions. It cannot correct failures where the un-
derlying motor primitives are entirely absent. Additionally,
our experiments exposed a sim-to-real gap, particularly in
sensory fidelity. Future work will: 1) develop more sample-
efficient training schedules and knowledge-reuse strategies
to address harder tasks; and 2) reduce the sim-to-real gap by
incorporating active depth sensing or stereo vision to improve
distance estimation and collision avoidance.
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