
LACY: A Vision-Language Model-based Language-Action Cycle for
Self-Improving Robotic Manipulation

Youngjin Hong∗, Houjian Yu∗, Mingen Li, and Changhyun Choi

Abstract— Learning generalizable policies for robotic manip-
ulation increasingly relies on large-scale models that excel at
mapping language instructions to actions (L2A). However, this
unidirectional training paradigm often produces policies that
can execute tasks without deeper contextual understanding,
thereby limiting their ability to generalize and to explain their
behavior. We argue that the complementary skill of mapping
actions back to language (A2L) is essential for developing more
holistic and robust grounding. An agent capable of both acting
and explaining its actions can form richer internal representa-
tions and, critically, unlock new paradigms for self-supervised
learning. In this paper, we introduce LACY (Language-Action
CYcle), a unified framework that learns such bidirectional map-
pings within a single vision-language model. LACY is jointly
trained on three synergistic tasks: generating parameterized
actions from language (L2A), explaining observed actions in
language (A2L), and verifying semantic consistency between
two language descriptions (L2C). The framework enables a self-
improving cycle that autonomously generates new training data
by chaining the L2A and A2L modules in an L2A2L pipeline.
The L2C module then filters this data using an active data
augmentation strategy that selectively targets low-confidence
cases, thereby improving the model efficiently without requiring
additional human annotations. Extensive experiments on pick-
and-place tasks in both simulation and the real world demon-
strate that LACY substantially improves task success rates
by 50.56 percentage points on average compared to baseline
methods and yields more robust language-action grounding for
robotic manipulation. For more details, please refer to our
project page: https://vla2026.github.io/LACY/

I. INTRODUCTION

Human actions and language are deeply and bidirection-
ally intertwined [1]–[3]. Humans can rapidly acquire new
tasks by observing demonstrations, semantically interpreting
the underlying task procedures, and describing the observed
actions in natural language. For example, after watching the
toy block manipulation shown in Fig. 1, one can readily
articulate the task as a sequence of sentences. Conversely,
when given a textual task description, humans can typically
(1) interpret the intended actions (e.g., pick, place, grasp,
put), (2) ground the mentioned objects in the environment
(e.g., yellow block, blue cylinder), and (3) execute the
described action sequence accordingly.

Learning from Demonstration (LfD) and imitation learn-
ing have been extensively studied for robotic manipulation
tasks [4]–[8]. While these approaches have demonstrated
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Fig. 1: Human demonstration of toy object manipulation. Humans can
readily infer task procedures from a manipulation demonstration and express
them in language (e.g., “pick up the yellow block” → “place it to the right
of the green block” → “grasp the blue cylinder” → “put it on the bottom
right of the table”). This linguistic description enables humans to accurately
replicate the demonstrated action sequence.

strong performance, they typically require large amounts of
high-quality demonstration data, which are costly and labor-
intensive to collect [9]. Recently, the emergence of Vision-
Language Models (VLMs) has driven substantial progress by
leveraging their generalization capabilities and open-world
reasoning. However, existing approaches, from early frame-
work such as CLIPort [10] to large-scale generalist models
like RT-2 [11] and OpenVLA [12], have predominantly
focused on a single paradigm: learning a unidirectional
mapping from language-to-action (L2A). Although these
L2A approaches have achieved notable success, their effec-
tiveness remains fundamentally limited by their dependence
on massive, passively collected datasets, which constrains
both scalability and data efficiency.

To address this fundamental limitation, we advocate for
an approach grounded in a more holistic, bidirectional
integration of language and action. Inspired by findings
in neuroscience [2], [3], we posit that the complementary
ability to describe tasks by observing manipulation actions,
referred to as action-to-language (A2L), is equally essential
yet remains relatively underexplored in robot learning. An
agent equipped with both L2A and A2L capabilities can
develop richer and more robust internal representations of
the world. More critically, this synergy enables a powerful
self-supervised learning paradigm: the model can execute a
robot action from a language command (L2A), then generate
a new language description of that action based on its own
perception (A2L), and finally assess whether the initial and
generated descriptions are semantically consistent (L2C).
This cycle allows the model to generate, evaluate, and refine
its own data, thereby substantially reducing its reliance on
external human supervision.

In this paper, we introduce LACY (Language-Action CY-
cle), a unified VLM framework that leverages the language-
action cycle for robust and scalable learning. LACY is imple-
mented by fine-tuning a single LLaVA-NeXT model [13] to
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perform three complementary yet synergistic roles: (1) gen-
erating actions from language (L2A), (2) explaining actions
in language (A2L), and (3) verifying semantic consistency
between two language descriptions (L2C). We first train the
L2A and A2L components on an initial dataset and then
use the proposed language–action cycle to autonomously
generate a large-scale, high-quality dataset for further train-
ing. A central innovation of our framework is a confidence-
based active data augmentation strategy, in which new data
is stochastically generated only for low-confidence scenarios,
thereby directing learning toward more challenging cases.
We evaluate LACY on a tabletop pick-and-place task in
both simulation and real-world settings. Experimental results
show that policies trained through LACY’s self-improvement
loop significantly outperform baselines trained solely on the
initial dataset, yielding substantial gains in task success rates.

The main contributions of this work are as follows:
• A unified VLM framework (LACY) that is

jointly trained to perform three complementary
tasks: language-to-action generation (L2A), action-to-
language explanation (A2L), and semantic consistency
verification (L2C).

• A self-improving data generation pipeline that lever-
ages the language-action cycle to autonomously produce
new training data, which is subsequently filtered by the
L2C module to ensure high-quality data.

• A confidence-based active data augmentation strat-
egy that directs data generation toward low-confidence
scenarios, thereby mitigating overfitting and improving
model performance on challenging cases.

II. RELATED WORK

A. Vision-Language Models for Robotic Manipulation

One of the challenges for generalist robot policies lies
in grounding vision, language, and action, which exhibit
significant abstraction gaps. Outside of robotics, there have
been many successful attempts to bridge the vision and
language feature spaces [14], [15]. Along with the success of
vision-based imitation learning [4], [5], early attempts were
made in language-grounded imitation learning [16], [17].

With the advent of state-of-the-art VLM models [18], [19],
recent works tend to directly leverage the generalizability
and reasoning capabilities of VLMs for robotic tasks. One
dominant paradigm is end-to-end Vision-Language-Action
(VLA) models [10], [12]. Given language instructions and
image observations, VLA models directly generate robot
actions. Thanks to large-scale robot datasets [20], [21], VLA
models are built upon existing open-source VLM models by
fine-tuning with robot datasets. Recent works also explore di-
verse approaches for faster and high-performance fine-tuning
and inference of VLA models [22], [23]. However, due to
the lack of robot data compared to open-world data from
which VLMs were trained, these models must be trained on
additional in-domain robot data, which are expensive and
require significant time, equipment, and expertise to collect.

Recent approaches explore hierarchical VLA architectures
that use VLMs to generate intermediate action representa-

tions and employ existing low-level policies [24], [25]. By
using abstract robot action expressions, hierarchical models
can fully leverage the reasoning capabilities of VLM models,
either by fine-tuning with off-domain data [26], or even
through zero-shot inference via off-the-shelf VLMs [27]. Our
work has connections with these prior methods, as our L2A
task generates a parameterized pick-and-place motion.

Prior works have mainly focused on how to collect or
utilize large-scale data for robotic tasks. However, these
models are almost exclusively trained for the unidirectional
L2A task, while the complementary skill of observing an
action and generating a linguistic description, A2L, remains
largely unexplored. We argue that learning the A2L approach
deepens understanding of robot tasks, and this can maximize
learning efficiency from limited in-domain demonstrations
through bidirectional grounding.

B. Data Generation and Self-Supervision in Robotics

The immense data requirements of VLA models have
spurred research into data generation and self-supervision.
Common strategies include using simulation to create large-
scale datasets [21], [28], though this often introduces sim-to-
real gaps. Reinforcement learning approaches have also been
explored to enable autonomous data collection and policy
improvement [29], [30], but these methods typically require
extensive environment interaction and careful reward design.
Alternative approaches focus on enabling models to learn
from their own experience through self-supervision [31],
[32], data augmentation technique [33], and cross-modal
transfer [34]. However, a key challenge in self-supervised
learning is ensuring the quality of self-generated data, as
models may reinforce their own biases without external
verification [35], [36].

LACY provides a novel form of self-supervision by fram-
ing the problem through the lens of cycle consistency, a pow-
erful principle from generative modeling [37]. The core idea
is that a forward mapping followed by a backward mapping
should reconstruct the original input. This has been applied
in robotics for tasks like cross-domain policy transfer [38],
but its application to the language-action domain for data
generation is new. Our language-action cycle (l → a → l′)
provides a principled self-supervisory signal as the semantic
intent of the initial command l must be preserved in the
reconstructed description l′. The L2C module acts as the
crucial verifier, providing the reliable, extrinsic-like feedback
that naive self-correction lacks. By combining this with a
confidence-based active data augmentation strategy, inspired
by methods for calibrating LLM uncertainty [39], LACY
focuses its learning on ambiguous cases, making the self-
improvement process both robust and efficient.

III. PROPOSED APPROACH

A. Preliminary: Problem Definition and Notations

Following the notations in [9], [10], we assume that a
set of n demonstrations D = {ζ1, ζ2, · · · , ζn} are given.
Each demonstration ζt = (ot, lt,at) is a triplet containing an
image observation ot, a task description in human language
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Task DescriptionImage

Action

“Pick up the red block and place it 
to the lower right of the workspace”

<pick> at (0.213,0.812)

<place> at (0.873, 0.831)

DemonstrationScene

Fig. 2: Notations. Each demonstration ζt includes an image observation
ot, a task description lt, and a pick-and-place action at. The workspace
is divided into a 3 × 3 grid. Coordinates (x, y) are normalized to [0, 1],
where x, y ∈ [0, 1], with (x, y) = (0, 0) at the left/top image border and
(x, y) = (1, 1) at the right/bottom border.

lt, and a pick-and-place action at = (Tpick, Tplace) ∈ R2×R2,
as shown in Fig. 2.

From the demonstration set D, a language-to-action (L2A)
model learns a policy πl→a that maps an observation ot and
a language instruction lt to a predicted action ât:

πl→a : ot, lt → ât. (1)

Conversely, our proposed action-to-language (A2L) model
learns a policy πa→l that predicts a language description l̂t
from an observation ot and a demonstrated action at:

πa→l : ot,at → l̂t. (2)

The language lt of a pick-and-place action at includes
which object to pick and where to place, for which absolute
or relative spatial description is employed (see Section III-C
for details).

Additionally, we introduce a language-to-consistency
(L2C) model that estimates the consistency ct ∈ [0, 1]
between two languages (lt and l̂t) conditioned on the ob-
servation ot:

πl→c : ot, lt, l̂t → ct. (3)

𝑑௥௘௟
𝑑௔௕௦

Fig. 3: Spatial description types. Task description for placing an object
uses different forms of language descriptions (absolute or relative) based
on the Euclidean distance to the placing location and the proximity to the
outer contour of the nearest object.

B. System Overview

We introduce LACY (Language-Action CYcle), a frame-
work built upon a single, powerful VLM (LLaVA-
NeXT [13]) that is fine-tuned to serve three roles: an action

generator (L2A), an action explainer (A2L), and a consis-
tency verifier (L2C). Fig. 4 illustrates the overall architecture.
The core of our framework is a closed-loop process where
LACY uses its bidirectional capabilities to generate new,
high-quality training data, which is then used to iteratively
refine the model itself.

C. Explaining Robot Actions in Language via A2L

The main goal of the A2L model is to generate a lan-
guage description by observing a manipulation action. Since
we consider pick-and-place actions, the language needs to
describe which object to grasp and where to place it, which
necessitates spatial description. We designed A2L to generate
two distinct types of naturalistic spatial descriptions: abso-
lute and relative. Instead of using unconstrained free-form
descriptions, we constructed a controlled set of linguistic
templates to describe robot actions. This provides consis-
tency across samples while maintaining sufficient linguistic
diversity for generalization. From an image ot and an action
at, we generate language based on the spatial context.

• Absolute Spatial Description: Describes the placing
motion relative to the entire workspace, which is divided
into a 3 × 3 grid (e.g., “top left,” “center”). This is
used when the placement location is not near any other
object. For example: “Pick the yellow block and place
it in the middle left of the workspace.”

• Relative Spatial Description: Describes the placing
motion relative to a nearby reference object. This is
used when the placement is close to another object. For
example: “Pick the yellow block and place it to the top
right of the mustard bottle.”

Humans naturally switch between these description styles.
To mimic this, we generate descriptions based on the nor-
malized distance between the placing location and the closest
object, as shown in Fig. 3. If the distance is less than drel ,
we generate a relative description. If it is greater than dabs ,
we generate an absolute one. In our experiments, we use
dabs = 0.15 and drel = 0.3 as we empirically found that
these values tend to generate a balanced distribution between
relative and absolute descriptions.

D. Unified Model via Two-Stage Fine-Tuning

A primary challenge in robot learning is the scarcity of
robot-specific demonstration data compared to the abundance
of general computer vision datasets. To address this, we
propose a data-efficient, two-stage fine-tuning strategy that
leverages a Chain-of-Thought (CoT) [40] reasoning process.

Stage 1: Object Grounding Pre-training. We first pre-
train our VLM backbone on an object grounding task. Using
a dataset of 8,000 images with object labels and object center
locations, we teach the model to perform a foundational
vision task: identifying all objects in an image and listing
their names and center coordinates. This task involves out-
putting a set of detected objects O = {(ni, pi)}Ni=1, where
ni is the object name and pi is the center coordinate for the
detected object i. This pre-training endows the model with a
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LACY

Object Detection

“There are four objects in the image: mustard bottle at (0.211,0.898), 
red wood block at (0.452,0.122), lemon at (0.493,0.522) , cable at (0.902,0.912)”

4

Task Description

Image

Action

“Pick the lemon and place it to the 
lower right to the red wood block”

<pick> at (0.513,0.512)

<place> at (0.773, 0.531)

Demonstration

Action Prediction

<pick> at (0.493,0.522) <place> at (0.823, 0.451)

Task Prediction

“Pick the lemon and place it to the middle right of the workspace”

1

2

3

“1” for Consistent, “0” for Not Consistent

Consistency Prediction New Sample

Data Augmentation

…5

Fig. 4: Overview of the LACY framework. LACY (Language-Action CYcle) builds upon a single VLM [13] fine-tuned to serve three roles: (1) an
action generator (L2A), (2) an action explainer (A2L), and (3) a consistency verifier (L2C). The framework operates as a closed-loop system, where these
bidirectional capabilities enable LACY to generate new high-quality training data and iteratively refine itself. (4) Each task is framed as a chain-of-thought
(CoT) process, where the model first performs object grounding to predict object names and locations (Ô) and then uses this contextual information to
complete the target task. (5) As shown in Algorithm 1, new samples are generated and merged with the initial dataset.

robust visual understanding that serves as a strong prior for
downstream manipulation tasks.

Stage 2: CoT-based Multi-task Fine-tuning. We then
fine-tune the model on our smaller, robot-specific dataset
of 1,000 demonstrations for the three synergistic tasks of
LACY. Fig. 4 shows the input and output format for each
model: L2A, A2L, and L2C. Crucially, all three tasks are
formulated as a CoT process that explicitly utilizes the
pre-trained grounding skill. The model is prompted to first
perform the object grounding task to predict object name
and location, Ô, and then use that as context to perform
L2A, A2L, and L2C. This CoT approach not only makes the
model’s reasoning process more transparent and robust but
also allows the grounding skill to be further refined with in-
domain robotics data. This two-stage approach allows LACY
to achieve high performance with significantly less robot-
specific data. Throughout this process, we use Low-Rank
Adaptation (LoRA) [41] for efficient fine-tuning.

E. Self-Improving Data Generation with L2A and A2L

The central mechanism of LACY is its ability to generate
its own training data through a closed loop, which we term
the L2A2L pipeline. This process begins with an input
language command l from our training set, which is fed into
L2A to generate an intermediate action â. This generated
action â is then immediately fed into A2L, along with
the same observation o, to produce a new, reconstructed
language description l̂. This cycle yields a new complete
triplet, ζnew = (o, l, â), which can be added to our training
set if its quality and semantic consistency are verified by the
L2C module.

F. Confidence-based Data Augmentation with L2C

A naive approach to data augmentation would be to
generate many samples and filter them. However, this can

lead to overfitting on tasks the model already performs well
on, and could add redundant data if multiple outputs from a
single sample are deemed valid. To address this, we propose
a confidence-based active data augmentation strategy guided
by L2C that incorporates a robust, voting-based filtering
mechanism, as detailed in Algorithm 1.

The process begins with a single, deterministic pass
through the L2A2L pipeline. For a given input language
instruction lt, we obtain a generated action ât and a recon-
structed language description l̂t. Instead of having the VLM
directly output a numerical value in text form, which can
be unreliable [42], we task L2C with a binary classification
problem. It outputs a consistency value ”1” if lt and l̂t
are consistent, and ”0” otherwise. To obtain a confidence
value for binary classification, we directly extract the logits
corresponding to the tokens ”0” and ”1” from the model
output at the final decoding step, as shown in Fig. 5. Instead
of selecting the discrete token, we apply a sigmoid function
to the logit difference to obtain a continuous probability in
the range of [0, 1].

This technique of using logit differences to calibrate model
confidence is inspired by similar methods in language and
vision models [39], [43], [44]. The continuous consistency
score c is calculated as a probability:

c = σ(z1 − z0) (4)

where σ(·) is the sigmoid function. Note that this formulation
is equivalent to the two-class softmax:

σ(z1 − z0) =
exp(z1)

exp(z0) + exp(z1)
. (5)

• If the consistency score c is high (i.e., c ≥ τ ), we
consider this a high-confidence case that the model has
already mastered. No additional data are generated for
this sample, avoiding redundant computation.
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Fig. 5: Binary confidence extraction from VLM outputs. The logits z0
and z1 corresponding to the tokens “0” and “1” are used to compute a
confidence score c.

For each candidate action a′i ∈ Acand, we then generate
a corresponding group of N language descriptions (Lcand)
using A2L. Instead of accepting an action upon the first
successful validation, we evaluate the entire group. An action
âi is deemed valid and added to our new dataset only if a
majority (≥ ν) of its corresponding language descriptions
are judged as consistent with the original instruction lt by
L2C. This majority-voting approach prevents the addition of
duplicate (l, â) pairs and ensures that only actions that are
robustly and consistently explainable are used for retraining,
filtering out potential flukes.

Finally, to prevent catastrophic forgetting, we re-initialize
the model from the base model on a merged dataset including
both original data and newly generated, high-quality data.

IV. EXPERIMENTS

A. Experimental Setup

Our experiments are conducted in a simulated tabletop en-
vironment built with CoppeliaSim [45] and 32 YCB objects,
and in a real-world setup with a Franka Emika Panda Robot
and an Intel RealSense D415 camera using 12 real-world
objects, as shown in Fig. 6.

Dataset: We use a training dataset comprising up to
4,000 successful pick-and-place demonstrations. For ablation
studies, we employ a smaller subset of 1,000 demonstrations
to evaluate the effectiveness of our proposed methods under
data-scarce conditions, while the simulation test set includes
100 unseen scenarios. For the real-world environment, we
trained the model with 212 demonstrations and tested with
50 unseen scenarios.

Implementation Details: The object grounding pre-
training is conducted for 2 epochs. The second stage of
the multi-task fine-tuning is performed for 5 epochs, as well
as the multi-task re-fine-tuning using the augmented dataset
including both original data and data sampled via the L2C
module. All experiments are carried out on a single NVIDIA
A40 GPU with 48 GB of memory.

Algorithm 1: Confidence-based Active Data Aug-
mentation with Majority Voting

Input: Initial demonstration set D, LACY model π,
number of stochastic samples N , consistency
threshold τ , voting threshold ν = 0.5

Output: Augmented dataset Daug
Dnew ← ∅;
for each (ot, lt,at) ∈ D do

ât ← L2A(ot, lt);
l̂t ← A2L(ot, ât);
c← L2C(ot, lt, l̂t);
if c ≤ τ then
Acand ← StochasticL2A(ot, lt, N);
for each âi ∈ Acand do

Np ← 0;
Lcand ← StochasticA2L(ot, âi, N);
for each l̂j ∈ Lcand do

c← L2C(ot, lt, l̂j);
if c ≥ τ then

Np ← Np + 1;

if Np/N ≥ ν then
Dnew ← Dnew ∪ {ot, lt, âi}

Daug ← D ∪Dnew;

TABLE I: Reasoning Capability Results in Simulation

Model L2A (%) A2L (%) L2C (%)

GPT-4o w/ Grounding 90 39 8
GPT-4o w/o Grounding 28 40 76
LLaVA-NeXT (base) 6 6 50
LACY (4k data, ours) 95 76 95

Evaluation Metrics: We evaluate our framework using
the following metrics:

• L2A (%): The task success rate of the L2A module.
A task is considered successful if the correct object
is grasped and placed at the target location which
semantically meets the given spatial description.

• A2L (%): The task success rate of the A2L module.
A task is considered successful if it correctly mentions
the target object to grasp and accurately describes the
spatial relationship for placement given the action at.

• L2C (%): The accuracy of the L2C module in detecting
semantically consistent language-action pairs.

• Pick / Pick & Place (%): In real-world experiments, the
percentage of successful grasping and placement com-
pleted by the robot following model-generated actions.

B. Reasoning Capabilities in Simulation

First, we evaluate the core reasoning capabilities of our
bidirectional model. To establish a strong performance base-
line, we use a version of our LACY model fine-tuned on
a larger dataset of 4,000 demonstrations. We compare it
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Fig. 6: Real robot experiment setup. (Left) The workspace is divided into
a 3×3 grid to provide an absolute spatial reference for task descriptions. A
top-view image captured by an Intel RealSense D415 camera serves as the
visual input to LACY. (Right) Objects used in the real-robot experiment,
including both everyday items and selected YCB objects.

against several baselines to justify the need for fine-tuning a
specialized model. The results are presented in Table I.

Baselines: We compare our LACY-Joint (4k data) model
with LLaVA-NeXT (base), which has not been fine-tuned on
robotics data, and GPT-4o, both with and without ground-
truth object location information provided in the prompt.

Analysis: The results highlight that large, general-purpose
models like GPT-4o and the base LLaVA-NeXT model
struggle with precise spatial grounding from a single image,
leading to poor performance. However, when provided with
explicit grounding information, GPT-4o achieves near-perfect
results, demonstrating its powerful reasoning capability when
ambiguity in object grounding is removed. Our fine-tuned
LACY model significantly outperforms the non-fine-tuned
baselines, showing the effectiveness of our training approach.

C. Ablation Studies

We conduct a series of ablation studies to validate each
component of our proposed framework. As our goal is to
improve performance in data-limited scenarios, all models
in these studies are trained on a reduced dataset of 1,000
demonstrations.

TABLE II: Ablation Study on Joint Training and Filtering

Model L2A (%) A2L (%) L2C (%)

LACY-Ind 78 78 92
LACY-Joint (ours) 83 80 92
LACY-Joint-SI (ours) 93 85 95

Effectiveness of Joint Training and Filtering: We first
investigate the benefits of our joint training approach and
the self-improvement filtering mechanism. As shown in
Table II, the jointly trained model (LACY-Joint) outperforms
the independently trained one (LACY-Ind), supporting our
hypothesis that a shared representation through joint training
is beneficial. Furthermore, adding our self-improvement cy-
cle (LACY-Joint-SI) provides a substantial performance boost
across all metrics, confirming the effectiveness of our self-
improvement pipeline.

Necessity of CoT: We examine the impact of our Chain-
of-Thought (CoT) prompting strategy. Table III compares

our CoT-based model with a version that directly generates
the output without the intermediate object grounding step
(LACY-non-CoT). The results indicate that the explicit rea-
soning step provided by CoT is crucial for achieving higher
performance.

TABLE III: Ablation Study on Chain-of-Thought Prompting

Model L2A (%) A2L (%) L2C (%)

LACY-non-CoT 52 43 84
LACY-CoT (ours) 83 80 92

D. Self-Improvement Capability

To evaluate the model’s ability to improve through self-
generated data, we assess its performance after varying
numbers of self-improvement iterations (from one to three),
starting from the model trained on only 100 demonstration
data points. In each iteration, the model performs data
augmentation via the L2C task and fine-tuning with the
combined dataset (Algorithm 1), generating 100 new triplets
(o, l, â). Thus, a model with n self-improvement iterations
is trained on 100 × (n + 1) data points. Fig. 7 reports the
task success rates for models trained on the corresponding
dataset sizes. LACY-Joint is trained solely on the ground-
truth dataset, while LACY-Joint-SI is trained on a mixture
of the ground-truth data and the additional data generated
through the L2C-based data augmentation process. While
LACY-Joint-SI initially underperforms LACY-Joint on L2A
and A2L, its success rates increase consistently as more
self-generated data is incorporated, and it notably surpasses
LACY-Joint on L2C.

E. Real-World Evaluation

Finally, we evaluate LACY on real data and compare
the model performances on a 7-DoF Franka Emika Panda
robot. Refer to the real robot experiment setup in Fig. 8.
We evaluate the model’s ability to generate correct actions,
language, and consistency decisions based on real-world
images, and separately report the physical grasp success
rate. To investigate the sim-to-real gap, we compare the
performances between the models by ablating training with
real-world data. LACY-Ind-Real and LACY-Joint-Real are
further trained on a real-world dataset from the simulation-
trained models LACY-Ind and LACY-Joint. The results in
Table IV show that the performance gains observed in
simulation translate effectively to the real world. Notably,
both LACY-Ind and LACY-Joint successfully detect most of
the objects in the given image, and even accurately locate
the objects that are both in the simulation and real-world
(e.g., mustard bottle, sponge). Most of the failure cases are
due to misnaming the objects in the image. Through training
with real-world data, LACY-Ind-Real and LACY-Joint-Real
improve the performance by successfully deriving correct
object names, with LACY-Joint-Real accomplishing the best
performance across all three tasks. Table V shows that the
pick-and-place actions generated by the LACY models are
also effective in real-robot tasks.
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Fig. 7: Self-improvement of LACY. LACY-Joint is trained only on ground-truth data, while LACY-Joint-SI is trained on ground-truth plus L2C-sampled
data.

Task DescriptionImage

“Pick up the cable and place it  to the 
middle right of the workspace”

<pick> at (0.561,0.512) <place> at (0.873, 0.531)

Action Prediction

Scene

Fig. 8: Real Robot Reasoning. (Top) Given an image observation ot and a
task description lt, the robot reasons the appropriate pick-and-place action
ât via L2A. (Bottom) The robot grasps the cable and places it in the
designated location.

TABLE IV: Real-World Data Evaluation

Model L2A (%) A2L (%) L2C (%)

LACY-Ind 78 36 94
LACY-Ind-Real 82 80 94
LACY-Joint 80 28 98
LACY-Joint-Real 88 88 98

V. CONCLUSION

This paper presented LACY, a VLM-based framework
that achieves bidirectional grounding between language and
action for robotic manipulation. By unifying action gener-
ation (L2A), action explanation (A2L), and semantic ver-
ification (L2C) within a single model, LACY enables a
novel self-improving cycle that autonomously generates and
filters its own training data. Experimental results demon-
strate that the synergy between joint bidirectional training
and confidence-based active data augmentation significantly
improves manipulation success rates in both simulation and
real-world settings. These findings highlight that moving
beyond the prevailing unidirectional L2A paradigm, and
equipping agents with the ability to both act and explain

TABLE V: Real-World Robot Evaluation

Model Pick (%) Pick & Place (%)

LACY-Ind-Real 65 55
LACY-Joint-Real 72.5 60

offers a promising path toward more robust, data-efficient,
and generalizable robotic systems.

Despite these encouraging results, several limitations re-
main and warrant further investigation. Notably, the L2C
semantic verification module is not specifically trained to
evaluate object grounding quality, making the data generation
pipeline susceptible to errors from incorrect object grounding
outputs. Because object grounding results play a critical
role in the model’s behavior through CoT-based fine-tuning,
such errors may propagate downstream, leading the model
to misidentify picking locations and ultimately reducing task
success rates. Future work will address these limitations
while expanding the framework’s capabilities. In particular,
we plan to (1) develop more robust perception and verifi-
cation modules that can better handle detection uncertainties
and (2) extend the LACY framework to more complex, long-
horizon tasks and a broader range of manipulation skills.
We believe this bidirectional perspective can serve as a
foundation for scalable robot intelligence.
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