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Abstract: Safely executing dynamic manipulation tasks—like pulling a box from
under a stack—in cluttered, open-world environments is challenging. Robots must
identify implicit safety constraints (e.g., avoid collapsing stacks or hitting fragile
items) while simultaneously reasoning about the combinatorially large number of
interactions and their long-term safety consequences (e.g., aggressively pulling an
object from under a stack will cause it to fall and hit nearby objects). In this work,
we present VLTSafe: Vision-Language guided Transformers for Safe manipula-
tion, a framework for safe dynamic manipulation that leverages vision-language
models (VLMs) to translate semantic safety concepts into geometric constraints,
and object-centric transformers to learn generalizable low-level safe policies. To
tractably learn policies that scale well to complex cluttered settings, we: (i) uti-
lize a transformer architecture, representing objects as tokens, enabling a single
policy to be deployed in variable degrees of clutter; (ii) consider diverse combina-
tions of constraint types during training, enabling generalization to novel test-time
constraint compositions; and (iii) optimize a reach-avoid reinforcement learning
objective to train a parameterized policy that reasons about long-term safety as
well as task completion. At test time, VLTSafe uses a VLM to identify relevant
geometric constraints from RGB images and a textual task description, enabling
open-world constraint specification. In both simulation and hardware experiments
with a Franka Panda arm, VLTSafe infers nuanced constraints and goals (e.g., soft
loofahs can safely be pushed out of the way) that cannot be easily identified with
hand-designed heuristics. Furthermore, the learned safe policy shows zero-shot
generalization to highly cluttered scenes and novel constraint compositions owing
to the transformer’s time-varying attention over relevant objects.

Keywords: Safe learning, reachability, transformers, reinforcement learning,
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1 Introduction
Consider a robot manipulator that must carefully pull a box from under a stack while surrounded
by clutter on a table, then place the box on the far side of the table away from any fragile objects.
Accomplishing this task safely requires the robot to reason about many types of interactions and
constraints, some of which are directly influenced by the dynamics of the interaction (the top boxes
can be flipped over or thrown off the table if the bottom box is pulled aggressively), and others
that are semantically informed by the semantic properties of interacting objects – making gentle
contact with fragile objects but freely pushing soft objects out of the way to complete the task. All
of these interactions must be accounted for, with their corresponding safety constraints respected,
while completing the task of pulling a box from under a stack and placing it at a goal location.
However, as the environment becomes more complex, explicitly modeling all possible interaction
combinations quickly becomes intractable.



In this work, we seek to compute low-level control policies that can safely perform dynamic ma-
nipulation tasks in arbitrary cluttered environments and with nuanced robot-object interaction con-
straints. The core challenge lies in tractably computing a policy which preserves test-time general-
ization to novel constraint compositions, object configurations, and degrees of clutter. To tackle this,
we introduce VLTSafe, framework for safe dynamic manipulation that leverages vision-language
models (VLMs) as a test-time constraint specifier and a sim-to-real training recipe for learning gen-
eralizable low-level safe policies.

Specifically, VLTSafe builds on an object-centric transformer policy architecture, where each object
in the scene is represented as a token enriched with constraint attributes derived from a vision-
language model’s (VLM) analysis of the scene. We design a custom attention mask based on the key
insight that, in cluttered environments, only a small subset of objects are relevant for safe decision-
making at any given time. This attention mechanism guides the transformer to focus on critical
interactions without being ‘distracted’ by irrelevant context. We train this parameterized policy
entirely in simulation using a reach-avoid reinforcement learning (RL) objective [1], which allows
the model to reason about satisfying long-horizon safety constraints while pursuing the task goal.
During training, we systematically vary both the level of clutter and the composition of constraints,
encouraging the policy to learn how different object interactions impact long-term safety across a
wide range of scenarios. The result is a single transformer-based policy that generalizes to scenes
with varying numbers and types of objects and constraints—without requiring retraining. At test
time, given a single image and a task description, an off-the-shelf VLM identifies relevant safety
constraints (e.g., “do not touch fragile objects” or “avoid toppling the stack of boxes”) and goal
specifications (e.g., “place the box away from fragile objects”). These high-level instructions are
translated into geometric constraint parameters, which are then used to condition the transformer
policy for deployment in novel environments.

We evaluate VLTSafe in controlled simulation experiments and we zero-shot deploy the policy
from sim to real on a 7-DoF Franka Panda arm performing the motivating dynamic manipulation
task. We find that VLTSafe chieves strong zero-shot generalization to novel constraint compositions
and significantly higher levels of clutter than those seen during training. It consistently outperforms
baseline methods, achieving higher safe success rates and lower failure rates. Our custom attention
masking proves crucial for generalization, particularly due to its ability to focus attention on the
most relevant objects in cluttered scenes. Moreover, training with diverse constraint types further
improves robustness, enabling effective deployment to novel constraint compositions without the
need for retraining.

2 Related work

Safe Control for Robotic Manipulation Impedance and null space control are widely used to
ensure compliant interactions in robotic manipulation. Impedance control modulates stiffness and
damping properties to enable safe and adaptive interactions with the environment [2, 3], while null
space control allows secondary objectives like collision avoidance to be incorporated without inter-
fering with primary tasks [4, 5]. In contrast, contact-aware controllers explicitly reason about contact
interactions to keep interaction forces below a safety threshold [6, 7]. Recent work has focused on
learning contact-aware complaint controllers using expert demonstrations [8, 9] and RL [10, 11, 12].
Our work builds on these efforts by enabling contact-aware control through reachability-based meth-
ods in cluttered environments.

Reachability-based Safe Control Hamilton-Jacobi reachability analysis [13, 14, 15] provides the-
oretical formulations for finding the solution to nonlinear reach-avoid control problems by minimiz-
ing the worst case (minimum over time) loss. Compared to approaches that minimize the cumu-
lative loss over time [16, 17], HJR analysis provides rigorous safety assurances, ensuring that the
system avoids unsafe states under worst-case scenarios. However, HJR becomes computationally
intractable as the dimension of the state space increases [18]. Recent methods [19, 20, 1] take in-
spiration from RL-based approaches [21, 22] to extend reachability analysis to higher dimensions
using a discounted formulation of the reach-avoid bellman equation. Leveraging HJR analysis for
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learning safe policies in dynamic, cluttered manipulation remains underexplored due to the high
dimensionality of complex multi-body interactions.

Semantic Safe Planning using Vision-Language Models Recent works have explored incorpo-
rating semantic safety into task planning. [23] integrate safety prompts in the code-as-policies [24]
setup, while [25] use LLMs to decompose high-level tasks into subtasks and verify them against LTL
specifications. Other approaches infer user preferences through demonstrations and active queries
[26]. Semantic constraints derived from VLMs have been used for planning, with simulators veri-
fying feasibility [27, 28]. However, these approaches primarily focus on quasi-static tasks without
long-horizon reasoning. Most relevant to our work is [29], which incorporates dynamic constraints
within a formal safety framework. However, it requires manually designing barrier functions for
each constraint type, and the policy accounts for all constraints simultaneously, making it impracti-
cal for cluttered environments. Our approach leverages RARL to learn safety value functions that
can be solved for both liveness and safety based on a subset of relevant task and safety constraints.

3 Problem Formulation and the VLTSafe Method
In this work, our goal is to compute low-level robot policies that can safely perform dynamic ma-
nipulation tasks in cluttered environments with nuanced object interaction constraints. We first
formalize the problem mathematically, revealing the underlying challenges. We then present our
approach—VLTSafe—which breaks down these challenges by training an object-centric trans-
former policy that is informed about relevant safety constraints at test-time by a vision-language
model. Our proposed approach is shown in Fig. 1.

Notation We model the robot’s state as the position and velocity of the end-effector sEE =
[xEE, ẋEE] where xEE ∈ R3 is the Cartesian position and ẋEE ∈ R3 is the velocity. Let each object’s
state be represented by soi = [xo

i , ẋ
o
i ], i ∈ {1, . . . , N} where N is the total number of objects in the

cluttered scene. We denote the full state of the robot and the objects via s = [sEE, so1, . . . , s
o
N ] ∈ S

where S is the full state space. Finally, let the robot’s actions a ∈ A be represented as the Cartesian
displacement of the end effector ∆xEE ∈ R3. In this work, we do not assume access to an analytic
dynamics model st+1 = f(st, at), but instead rely on a high-fidelity simulator [30] to evolve the
robot and object states as a result of the robot’s actions and physical interaction.

Safety Constraint & Task Target Representation We represent safety constraints as a failure
set, F ⊂ S , which encodes the forbidden robot-object, object-object or object-environment states.
For example, the failure set can prohibit high-velocity contact with fragile objects while permitting
arbitrary interactions with soft objects. We seek robot policies that not only comply with this safety
specification but are also guaranteed to complete a task. Let the target set, T ⊂ S, be the set of all
states that satisfy the robot’s task (i.e., reach a goal). For example, placing a book on an empty shelf.

Goal: A Safe Dynamic Manipulation Policy Adaptable to Test-time Objects and Constraints
Our goal is to find a low-level robot policy π : S → A which respects the safety constraints F while
also achieving the desired task target T . To enable test-time adaptation to relevant constraints and
targets in the deployment environment, we parameterize the policy via the constraints and targets,
denoted by πF,T . Formally, we model this problem as a reach-avoid problem [14, 15, 1]. In order to
compute the policy which satisfies both properties, we pose a Hamilton-Jacobi reachability problem
[13]. Here, the failure set is encoded via the function g(·;F) and the target set via ℓ(·; T ) where

g(s;F) < 0 ⇐⇒ s ∈ F , ℓ(s; T ) ≥ 0 ⇐⇒ s ∈ T .

To jointly account for multiple constraints, we define g(s;F) := min(g1(s), . . . , gq(s)) where q
is the number of safety constraints and to account for multiple task goals, we define ℓ(s; T ) :=
min(ℓ1(s), . . . , ℓp(s)) where p is the number of task objectives. Note that both of these functions
must be parameterized by the relevant constraint or goal specification.

Following [14, 1], we formulate our policy optimization problem as:

V (s;F , T ) := max
πF,T

{
max
t≥0

min
{
ℓ(ξπs (t); T ),min{g(ξπs (t);F)}

}}
. (1)
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Figure 1: System overview: We train a parameterized object-centric transformer policy using reach-avoid
reinforcement learning for diverse combination of task and safety constraints. At test time, given an RGB
image, task description, and a predefined constraint vocabulary, a vision-language model (VLM) infers the
relevant semantic goals and safety constraints for each object. These are used to parameterize the learned
policy, enabling zero-shot generalization to novel constraint compositions and highly cluttered scenes.

where ξπs is a state trajectory starting from state s and executing π, and we index into this trajectory
at any discrete time via (t) notation. The inner optimization (starting with maxt≥0) “remembers” if
the robot was able to reach the target T without violating the constraint F . The value function will
be positive only if both reaching and avoiding happen successfully. The policy’s goal is to maximize
this objective, hence reaching the goal without ever violating the specified constraints.

Challenge: Tractable Computation while Preserving Test-Time Generalization Solving the
above optimization over all possible objects, tasks, and safety constraints is intractable. While
restricting to a predefined subset simplifies the problem, it limits safe deployment in novel envi-
ronments. Therefore, we need an approach that generalizes safe policies across diverse objects and
constraint compositions to enable safe deployment in open-world, cluttered environments.

3.1 Offline: Safe Policy Learning via Object-Centric Transformers & Reach-Avoid RL
Policy Representation: Masked Object-centric Transformer Architecture We propose an
object-centric transformer-based model [31] as our policy representation (Fig. 2). This architecture
offers two key advantages. First, its input representation is flexible, supporting a variable number
of objects and constraint types at test time. Second, by structuring the transformer’s attention mask
we can control how the policy attends to objects in extremely cluttered scenes. Our aim is to learn
a policy πF,T parameterized via constraints and targets, hence we concatenate the input observa-
tions with the parameters of the failure ϕ and target τ sets, such that state of each object becomes
[s, ϕ, τ ]. These observations are tokenized through a two-layer MLP and subsequently processed
using two layers of multi-head self-attention, where the attention mechanism is guided by a custom
attention mask. We design our custom attention mask based on a key insight: in cluttered envi-
ronments, only a small subset of objects are ”relevant” for safe decision-making at any given time
step. Consequently, our custom attention mask prioritizes attention to the most relevant neighboring
objects. Since we use multiple attention layers, the mask does not fully block information from
more distant objects–it simply biases attention toward closer ones. Specifically, all object tokens
attend to the end-effector tokens and vice versa, while object-to-object attention is restricted to their
k-nearest neighbors, where k is task-dependent and can vary across objects (e.g., in our experiments,
we choose k = 3), while also allowing objects in the stack to always attend to one another.

Policy Optimization: Reach-Avoid Reinforcement Learning With our policy architecture setup,
we now turn to policy optimization. Recall the reach-avoid optimization problem we formulated in
Equation 1. Exact grid-based dynamic programming solvers are intractable for the high-dimensional
state space representation we use in this work. Thus, to tractably compute a reach-avoid policy,
we use a reinforcement-learning based relaxation of this optimization. Specifically, we adopt the
time-discounted reach-avoid Bellman backup from [1] which discounts the safety value function
to induce a contraction mapping, yeilding the reach-avoid problem compatible with off-the-shelf
reinforcement learning solvers.

Q(s, a;F , T ) = (1−γ)min
{
ℓ(s; T ), g(s;F)

}
+γmin

{
g(s;F),max

{
ℓ(s; T ), Q(s′, a′;F , T )

}}
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Figure 2: System architecture: Actor and critic
networks are object-centric transformer-based models.
Observations are augmented with parameters of the tar-
get τ and failure set ϕ and tokenized. These tokens are
processed using multi-head self-attention with a custom
attention mask. Output tokens are aggregated and used
to output action (actor) and value estimate (critic).

where γ ∈ [0, 1) is the discount factor, which
can be interpreted as the probability of episode
continuation. We utilize Deep Deterministic
Policy Gradient (DDPG) [32] as our RL frame-
work wherein the bellman update is modified
to incorporate the time-discounted reach-avoid
Bellman backup (Equations in Appendix 8.1.)
We model both the actor and critic using object-
centric transformer architectures (Fig. 2). The
actor network encodes observation tokens with
a transformer, whose output tokens are aggre-
gated via mean pooling and passed through a
2-layer MLP policy head to produce the next
action. Critic network jointly encodes state
and action tokens using a separate transformer
with two layers of multi-head self-attention.
The resulting token embeddings are aggregated
and concatenated with the action, then passed
through a two-layer MLP value head to esti-
mate the Q-value.

3.2 Online: Adapting via Safety Constraints Inferred from Vision-Language Models
The prior section allowed us to pre-compute a low-level robot policy which given the current state
of the scene s, a safety specification F , and a goal specification T safely performs the task. The
question is, at deployment time, how can the robot know what are the “relevant” safety constraints
F and how they may impact which goals T are and aren’t allowed? Here, we propose using a
vision-language model (VLM) as an open-world constraint and target specifier. Given the current
image of the scene I and a text prompt describing the task Ltask, the VLM should use the visual
and semantic cues to select the relevant safety and targets that are passed into the low-level policy.

However, a large challenge with using VLMs is the right interface between textual representation
(that the VLM is trained to output) and the embodied representation (e.g., robot states, objects,
etc.) that our robot policy needs at test-time to adapt. To bridge this gap, we model the selection
of constraints/targets as a multiple choice visual question-answering (VQA) problem where the
multiple choice options are generated via pre-defined geometric constraint and target functions. In
the future, we envision the possibility of these functions to be written by another LLM based model
(e.g., as in Code-as-Policies [24]). We first convert the set of all geometric constraints T ,F we
can generate with our functions to corresponding textual descriptions LF ,LT . For example, a hard
collision-avoidance constraint between two interacting bodies is represented in text as:

Math Representation of F : g(sEE, scup) = ||xEE − xcup|| − ϵ (2)
Text Representation of F : LF (<EE>, <cup>) = <no contact> (3)

For the target set, the geometric objectiveplacing a book on an empty book shelf can be written as:

Math Representation of T : ℓ(xbook) = (||xbook − xshelf|| − ϵ (4)
Text Representation of T : LT (<book>) = <second shelf>, (5)

if the VLM detects the second shelf to be empty. Note that without a VLM, such open-world
specifications would need to be manually specified by an expert designer. Once the set of semantic
constraints are selected by the VLM, they can be converted back to their geometric formulations and
used to parameterize the learned policy for execution. Constraints are identified at the beginning of
each episode (t = 0) and kept fixed for the duration of the rollout.

4 Simulation Experiments
We first devised a series of simulation experiments to carefully test the impact of each of our design
decisions on overall task performance. Specifically, we ask the questions (1) When the training and
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test environments are the same, how much does the transformer architecture influence task success?,
(2) How well can our approach generalize to varying degrees of novel, test-time object clutter?, and
(3) How well does our approach generalize to novel, test-time constraint compositions?

4.1 Experimental Setup
Environment & Task In all experiments, we use a tabletop setup where a Franka robot interacts
with household objects (Fig. 5). The task involves quickly but safely pulling a cereal box from
under another box on a cluttered tabletop and placing it in a goal region. We simulate the robot and
environment dynamics with MuJoCo [30] and use the Google Scanned Objects Dataset [33, 34, 35]
to simulate everyday objects in the table arena defined in Robosuite [36].

Safety and Target Representation Intuitively, the safety constraints capture how the stack
of boxes should remain stable as the robot pulls the cereal box from underneath, modeling
critical robot-object interactions. Specifically, F enforces that the top cereal box does not
displace beyond a threshold, the end-effector avoids contact with fragile objects, may make
limited-velocity contact with soft objects, can freely interact with durable objects, and must
not move over sensitive items like a laptop. Since these constraints depend on the seman-
tic properties of objects, the VLM assigns constraint types via the parameterization ϕ ∈
{no-contact, soft-contact, any-contact, do not move over}. The target set T defines successful
task completion as the bottom cereal box being fully separated from the top box and placed
in a goal region at the far end of the table. This yields two possible targets—top-goal

and bottom-goal—which the VLM selects at deployment time via the parameterization τ ∈
{top-goal, bottom-goal}. Additional implementation details are provided in Appendix 8.2.

VLM for Test-Time Safety and Target Specification We use GPT-4o [37] as the VLM. It is
queried once at the beginning of a test episode to identify the constraint types relevant to all objects
in the scene and to select the target constraint that is most appropriate for the task. The full prompt
for the constraint selection is provided in Appendix 8.3

Metrics We measure (1) safe success rate (SafeSucc %) defined as the percentage of trajectories
that complete the task safely (i.e., satisfy reach and avoid), (2) stack safety violation rate (StackFail
%) defined as the top cereal block moving outside of safety limits, and (3) object safety violation
rate (ObjFail %) percentage of objects not in the stack that are unsafely interacted with.

Training details Model architectures and hyperparameters are provided in the Appendix 8.2).

Method Always Same Constraint (AllFragileConst) Random Constraints per Episode (RandomConst)
SafeSucc (%) ↑ StackFail (%) ↓ ObjFail (%) ↓ SafeSucc (%) ↑ StackFail (%) ↓ ObjFail (%) ↓

MLP 82 9 9 40.5 43.5 15.5
VLTSafe-NoMask 85.5 3.5 8.5 60.3 29.6 10.1
VLTSafe 95.5 0.5 4 78.5 11.5 4

Table 1: Policy Architecture vs. Performance. Comparison of our method against baselines in
two training domains, AllFragileConst and RandomConst

.
4.2 How much does the transformer policy architecture influence task success?
First, we study how much the transformer design influences the overall task success, assuming the
training and test environments are the same.

Methods We compare three policy architectures: VLTSafe which is our object-centric transformer
architecture with masking, VLTSafe-NoMask which has no masking, MLP which is a MLP policy
architecture. To ensure a fair comparison, we kept the representation capacity (number of trainable
parameters) roughly the same across all models (see Appendix 8.2 for details).

Training & Test Setup We train each policy in two training domains. First, we train policies
in the AllFragileConst domain where all objects are assigned the same constraint type during all
episodes: ϕ = no-contact (i.e. all objects are assumed to be fragile). Next, we train policies in
the RandomConst domain. Here, constraints for each object are randomly sampled (from the set of
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Figure 3: Generalization: Varying Degrees of Clutter. Performance variation as the number of objects is
varied in the test scenario. Both VLTSafe vs VLTSafe-NoMask are trained in the AllFragileConst domain
with six objects. Black dotted line represents the number of objects seen during training.

constraints) at the start of each episode during training. We train with only six objects in the scene
and then deploy with six objects in the scene, and the training and the test domain are identical.

Results We report all metrics described Sec. 4.1 in Table 1. We find that VLTSafe outperforms both
baselines with the highest safe success rate and lowest failures rates. Specifically, we find that the
use of masking significantly helps the policy. We hypothesize that, without masking, the transformer
attends equally to all objects in the scene, making the learning problem unnecessarily difficult. By
restricting attention to only the most ”relevant” objects through masking, the model can focus on
critical near-term interactions—such as between the two cereal boxes — enabling more effective
learning of safer policies. This effect is further highlighted in RandomConst, where VLTSafe-
NoMask performs noticeably worse than VLTSafe. Futhermore, even with the same representation
capacity, the MLP model is unable to learn safe policies that satisfy complex interactive constraints.
This further highlights the advantage of using a transformer-based architecture.

4.3 How well can our approach generalize to varying degrees of test-time clutter?
Methods Next, we study the ability of the policy to generalize to novel object/clutter amounts at
test-time. Since the MLP cannot handle arbitrary number of object at test-time, we only compare
VLTSafe and VLTSafe-NoMask.

Training & Test Setup During training, we only consider the AllFragileConst domain trained with
six objects, as in Section 4.2. At test-time, we deploy each policy in varying degrees of clutter–with
2,4,6,8,10, and 12 objects—to test generalization to number of scene objects.

Results In Fig. 3, our quantitative results show that masking plays a large role in enabling the
policy to maintain performance and generalize to environments with varying degrees of clutter.
Specifically, with VLTSafe we see a 29% decrease in the safe success rate when we double the
number of objects from 6 to 12, while with VLTSafe-NoMask we see a 60.5% decrease. Looking
deeper into the failure modes, we see that the main gains come from how VLTSafe maintains a
near zero-percent StackFail rate as we increase the number of objects. In contrast, for VLTSafe-
NoMask the StackFail rate increases to 20%. We hypothesize that, similar to 4.2, this is again due
to the capability of VLTSafe to focus on relevant objects and critical near-term interactions without
being ‘distracted’ by the apparent complexity of the task.

4.4 How well does VLTSafe generalize to novel, test-time constraint compositions?
Methods Next, we want to study how well our approach generalizes to novel constraint composi-
tions at test-time. Here we only test VLTSafe.

Training & Test Setup We train our policy in two settings: RandomConst, where constraints vary
randomly between episodes, and FixedConst, where constraints are fixed for each object. Training is
limited to 6-object scenes, and at test time, we evaluate generalization in the RandomConst domain
with 6, 8, and 10 objects and novel constraint combinations.

Results Recall that at training-time (with six objects), VLTSafe achieves a safe success rate of
79.5% in the FixedConst domain and a safe success rate of 78.5% in RandomConst (star icon
in Fig. 4). Note that this test scenario is novel for the policy trained in FixedConst even with
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Figure 5: Real-world deployment: Zero-shot sim-to-real transfer of a policy trained in simulation (Random-
Const, 6 objects) to a real-world setting with 8 objects. Constraints are first inferred using a VLM. As the robot
pulls the blue box from under the red one, it makes allowable contact with the blue plush toy, then lifts to avoid
the bowl and places the box safely in the goal region, away from the fragile porcelain mug.

N=6, since during training the policy never saw randomized object constraints. This explains
the drop in performance (12.5 %) when this policy is tested in RandomConst. For the policy
trained with RandomConst, only the 8 and 10-object environments are novel and, since the num-
ber of objects is larger, the constraint composition is novel. In Fig. 4, we see that VLTSafe
trained with random combinations of constraints exhibits better generalization capabilities, com-
pared to training with FixedConst, since it sees a larger variation in constraint compositions dur-
ing training. However, we note that this performance gap quickly diminishes as the environment
complexity increases and the task becomes significantly more challenging than the train setting.

Figure 4: Generalization: Constraint
Compositions. Evaluating policies trained
in FixedConst and RandomConst domains
with six objects, in RandomConst domain
with increasing number of objects.

5 Real World Experiments
Hardware Setup and State Estimation We use a 7-
DoF Franka Emika Panda arm and an Azure Kinect RGB-
D camera for both state estimation and image capture for
VLM-based constraint inference. State estimation relies
on TapNet [38, 39], a point tracking algorithm applied to
RGB-D inputs. At the start of each trajectory, we manu-
ally annotate object keypoints, a step that could be auto-
mated in future work using VLMs. TapNet tracks object
states at 17 Hz.

Sim-to-Real We deploy policies trained entirely in sim-
ulation directly in the real world, without any real-world
fine-tuning. The experimental setup—including the robot’s state space and the object configurations
on the table—closely matches that of the simulation environment, enabling zero-shot transfer of
policies trained in simulation using object-centric observations, directly in the real world. We de-
ploy the policy trained in the RandomConst simulation domain. This policy was trained considering
six objects in the scene, however we test in scenes containing up to eight objects.

Results Fig. 5 shows a real world rollout of our learned policy in a scene with eight objects in
clutter. First, a VLM identifies the goal and object constraints: Soft objects are typically assigned
the <any contact> constraint, while mugs and electronic items—considered safety-critical—are
labeled as fragile <no contact>. When prompted to choose between two target sets—one contain-
ing soft toys, and the other containing a porcelain mug—the VLM selects the former, as interactions
with soft objects are safer. During execution, the robot briefly contacts the blue plush toy while ex-
tracting the blue box—an acceptable interaction—then lifts the end-effector to avoid colliding with
a nearby bowl. It ultimately places the box safely atop the orange loofah and blue ball, both of which
are deemed safe for contact. Additional real world experiments are included in the Appendix 8.4.

6 Conclusion
We introduce VLTSafe, an approach for learning low-level policies to safely perform dynamic tasks
in cluttered environments. By leveraging vision-language models (VLMs) for open-world constraint
synthesis, our object-centric transformer-based policy demonstrates zero-shot generalization to high
degrees of clutter and novel constraint compositions. Training with the reach-avoid reinforcement
learning (RARL) objective enables long-horizon safety reasoning and task accomplishment. VLT-
Safe outperforms baseline approaches, achieving high safe success rates, low failure rates, and
strong generalization across novel scenarios.

8



7 Limitations

Our approach has several limitations. It relies on off-the-shelf state estimation methods to enable
learning of object-centric representations. While this enables strong generalization and seamless
sim-to-real transfer, it may limit performance in certain scenarios. Future work will explore visual
object proposals, which can implicitly capture both geometric and semantic information, reducing
reliance on traditional state estimation methods. Additionally, our experiments were constrained
to the Cartesian state space, but we aim to extend our approach to 6-DoF manipulation for more
dexterous and dynamic tasks.
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[29] L. Brunke, Y. Zhang, R. Römer, J. Naimer, N. Staykov, S. Zhou, and A. P. Schoellig. Se-
mantically safe robot manipulation: From semantic scene understanding to motion safeguards.
arXiv preprint arXiv:2410.15185, 2024. 3

10



[30] E. Todorov, T. Erez, and Y. Tassa. Mujoco: A physics engine for model-based control. In
2012 IEEE/RSJ International Conference on Intelligent Robots and Systems, pages 5026–
5033. IEEE, 2012. doi:10.1109/IROS.2012.6386109. 3, 6

[31] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, Ł. Kaiser, and I. Polo-
sukhin. Attention is all you need. Advances in neural information processing systems, 30,
2017. 4, 3

[32] T. Lillicrap. Continuous control with deep reinforcement learning. International Conference
on Learning Representations, 2016. 5, 1

[33] L. Downs, A. Francis, N. Koenig, B. Kinman, R. Hickman, K. Reymann, T. B. McHugh,
and V. Vanhoucke. Google scanned objects: A high-quality dataset of 3d scanned household
items. In 2022 International Conference on Robotics and Automation (ICRA), pages 2553–
2560. IEEE, 2022. 6

[34] L. Downs, A. Francis, N. Koenig, B. Kinman, R. Hickman, K. Reymann, T. B. McHugh, and
V. Vanhoucke. Google scanned objects: A high-quality dataset of 3d scanned household items,
2022. URL https://arxiv.org/abs/2204.11918. 6

[35] K. Zakka. Scanned Objects MuJoCo Models, 7 2022. URL https://github.com/

kevinzakka/mujoco_scanned_objects. 6

[36] Y. Zhu, J. Wong, A. Mandlekar, R. Martı́n-Martı́n, A. Joshi, S. Nasiriany, Y. Zhu, and K. Lin.
robosuite: A modular simulation framework and benchmark for robot learning. In arXiv
preprint arXiv:2009.12293, 2020. 6

[37] e. a. OpenAI Team. Gpt-4o system card, 2024. URL https://arxiv.org/abs/2410.

21276. 6

[38] C. Doersch, Y. Yang, M. Vecerik, D. Gokay, A. Gupta, Y. Aytar, J. Carreira, and A. Zisserman.
TAPIR: Tracking any point with per-frame initialization and temporal refinement. In Proceed-
ings of the IEEE/CVF International Conference on Computer Vision, pages 10061–10072,
2023. 8

[39] C. Doersch, A. Gupta, L. Markeeva, A. Recasens, L. Smaira, Y. Aytar, J. Carreira, A. Zisser-
man, and Y. Yang. TAP-vid: A benchmark for tracking any point in a video. Advances in
Neural Information Processing Systems, 35:13610–13626, 2022. 8

[40] R. Bellman, R. E. Kalaba, et al. Dynamic programming and modern control theory, volume 81.
Citeseer, 1965. 1

11

http://dx.doi.org/10.1109/IROS.2012.6386109
https://arxiv.org/abs/2204.11918
https://github.com/kevinzakka/mujoco_scanned_objects
https://github.com/kevinzakka/mujoco_scanned_objects
https://arxiv.org/abs/2410.21276
https://arxiv.org/abs/2410.21276


8 Appendix

8.1 Background

8.1.1 Hamilton-Jacobi Reachability Analysis

Hamilton-Jacobi Reachability (HJR) analysis provides a formal approach for computing safe poli-
cies that guarantee constraint satisfaction by finding an optimal solution to a reach-avoid problem.
Consider a discrete-time dynamical system st+1 = f(st, at), where t is the current time step,
st ∈ S ⊂ Rn, a ∈ U ⊂ Rm, U is compact and dynamics f are bounded and Lipschitz contin-
uous. Target set T ⊂ S describes reach states that satisfy {s : l(s) > 0} and failure set F ⊂ S
describes avoid states that satisfy {s : g(s) < 0}. T and F are closed sets and l(s), g(s) : s → R
are Lipschitz continuous functions. The safety problem is to find the reach-avoid set, RA(T ;F),
which is the set of states from which a controller can drive the system to T while avoiding F at all
times t. It was demonstrated in [19] that states belonging to the set RA(T ;F) satisfy V (s) > 0,
where V (s) is the solution to the following fixed-point Reach-Avoid Bellman equation (RABE):

V (s) =min
[
g(s),max

(
l(s), sup

a∈U
V (f(s, a))

)]
(6)

V (s) > 0 ⇔ s ∈ RA(T ;F)

It is important to note that, unlike the Bellman updates in dynamic programming based approaches
[40], (6) does not have a time-discounting term, thus it does not induce a contraction mapping and
cannot converge to a fixed point using value iteration.

8.1.2 Reach-Avoid Reinforcement Learning (RARL)

Based on time-discounting in temporal difference learning [21] and Q-learning [22] based methods,
[19] introduced a time-discounting term in RABE (6), thus inducing contraction mapping in value
function learning, which was extended to the reach-avoid setting and deep Q-learning by [1]. The
Discounted Reach-Avoid Bellman Equation (DRABE) [1] can be written as:

V (s) = γmin
[
g(s),max

(
l(s), sup

a∈U
V (f(s, a))

)]
+ (1− γ)min

(
l(s), g(s)

)
where γ is the discount factor, which can be interpreted as the probability of episode continuation.

8.1.3 Offline Parameterized Safe Policy Learning

We utilize Deep Deterministic Policy Gradient (DDPG) [32] as our reinforcement learning frame-
work to learn a parameterized safe policy in continuous action spaces. The Q-function update is
modified to the discounted reach-avoid formulation (7). Suppose Qϕ is the Q-network, µθ the policy
network, and Qϕtarg and µθtarg are the target Q-network and target policy networks respectively. Given
a sample (s, a, r, s′, d) from the replay buffer D, the Mean-squared Bellman Equation (MSBE) in
DDPG is as follows:

L(ϕ,D) = E
(s,a,r,s′,d)∼D

[(
Qϕ(s, a)−

(
r + γ(1− d)Qϕtarg(s

′, µθtarg(s
′)
))2]]

where r = min(l(s), g(s)) is the reward and d indicates whether state s′ is terminal. The Discounted
Reach-Avoid Bellman Error for the DDPG algorithm can be written as:

L(ϕ,D)DRABE = E
(s,a,r,s′,d)∼D

[
Qϕ(s, a)−

[
(1− γ)min(l(s), g(s))

+ γmin

{
g(s),max{l(s), Qϕtarg(s

′, µθtarg(s
′)}

}]]

1



8.2 Experimental details
We denote the full state of the robot and the objects via s = [sEE, scbot, sctop, so1, . . . , s

o
N ] ∈

S where S is the full state space, scbot is the state of the bottom cereal box, sctop is
the state of the top cereal box and soi is the state of the ith object in clutter on the ta-
ble. We model the robot’s state as the position and velocity of the end-effector sEE =
[xEE, ẋEE] where xEE ∈ R3 is the Cartesian position and ẋEE ∈ R3 is the velocity. Let
each object’s state be represented by soi = [xo

i , ẋ
o
i ], i ∈ {1, . . . , N} where N is the to-

tal number of cluttered objects on the table, that is, in addition to the two cereal boxes.
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<latexit sha1_base64="VOjHQWEl6RGcq2TAuB/45bIphls=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0VwFRJbk3ZXdOOygn1AWspkOm0HJ5kwcyOW0M9w40IRt36NO//G6UNQ0QMXDufcy733hIngGhznw8qtrK6tb+Q3C1vbO7t7xf2DlpapoqxJpZCqExLNBI9ZEzgI1kkUI1EoWDu8vZz57TumNJfxDUwS1ovIKOZDTgkYKegCu4eMgkym/WLJsZ1yueLVsGOX/arnz4jnV9yaj13bmaOElmj0i+/dgaRpxGKggmgduE4CvYwo4FSwaaGbapYQektGLDA0JhHTvWx+8hSfGGWAh1KZigHP1e8TGYm0nkSh6YwIjPVvbyb+5QUpDKu9jMdJCiymi0XDVGCQePY/HnDFKIiJIYQqbm7FdEwUoWBSKpgQvj7F/5PWme169vl1pVS/WMaRR0foGJ0iF/mojq5QAzURRRI9oCf0bIH1aL1Yr4vWnLWcOUQ/YL19ApVYkiQ=</latexit>

ctop

<latexit sha1_base64="PNKY0hO7KzLybYqdZzfuc3cRmgU=">AAAB8nicdVDJSgNBEO2JW4xb1KOXxiB4Gnpi1lvQi8cIZoEkhJ5OJ2nSMz1014hhyGd48aCIV7/Gm39jZxFU9EHB470qqur5kRQGCPlwUmvrG5tb6e3Mzu7e/kH28KhpVKwZbzAllW771HApQt4AAZK3I81p4Eve8idXc791x7URKryFacR7AR2FYigYBSt1usDvIWG+glk/myNulXhlUsbEJZ6Xr1TmpFC9KJaw55IFcmiFej/73h0oFgc8BCapMR2PRNBLqAbBJJ9lurHhEWUTOuIdS0MacNNLFifP8JlVBniotK0Q8EL9PpHQwJhp4NvOgMLY/Pbm4l9eJ4ZhpZeIMIqBh2y5aBhLDArP/8cDoTkDObWEMi3srZiNqaYMbEoZG8LXp/h/0sy7Xskt3hRytctVHGl0gk7ROfJQGdXQNaqjBmJIoQf0hJ4dcB6dF+d12ZpyVjPH6Aect09XoZH6</latexit>

cbot

<latexit sha1_base64="kveiK8AHzScNnj0EO+JOwIi2gx4=">AAAB8HicdVDJSgNBEO2JW4xb1KOXxiB4GnoSsxyDEvAYwZhIMoSeTk/SpGehu0YMQ77CiwdFvPo53vwbO4ugog8KHu9VUVXPi6XQQMiHlVlZXVvfyG7mtrZ3dvfy+wc3OkoU4y0WyUh1PKq5FCFvgQDJO7HiNPAkb3vji5nfvuNKiyi8hknM3YAOQ+ELRsFItz3g95A2GtN+vkBsUnZKpISJXapWK6WaIcQh5WIROzaZo4CWaPbz771BxJKAh8Ak1brrkBjclCoQTPJprpdoHlM2pkPeNTSkAdduOj94ik+MMsB+pEyFgOfq94mUBlpPAs90BhRG+rc3E//yugn4NTcVYZwAD9likZ9IDBGefY8HQnEGcmIIZUqYWzEbUUUZmIxyJoSvT/H/5KZoOxW7fHVWqJ8v48iiI3SMTpGDqqiOLlETtRBDAXpAT+jZUtaj9WK9Lloz1nLmEP2A9fYJPkaQuQ==</latexit>

EE
<latexit sha1_base64="kveiK8AHzScNnj0EO+JOwIi2gx4=">AAAB8HicdVDJSgNBEO2JW4xb1KOXxiB4GnoSsxyDEvAYwZhIMoSeTk/SpGehu0YMQ77CiwdFvPo53vwbO4ugog8KHu9VUVXPi6XQQMiHlVlZXVvfyG7mtrZ3dvfy+wc3OkoU4y0WyUh1PKq5FCFvgQDJO7HiNPAkb3vji5nfvuNKiyi8hknM3YAOQ+ELRsFItz3g95A2GtN+vkBsUnZKpISJXapWK6WaIcQh5WIROzaZo4CWaPbz771BxJKAh8Ak1brrkBjclCoQTPJprpdoHlM2pkPeNTSkAdduOj94ik+MMsB+pEyFgOfq94mUBlpPAs90BhRG+rc3E//yugn4NTcVYZwAD9likZ9IDBGefY8HQnEGcmIIZUqYWzEbUUUZmIxyJoSvT/H/5KZoOxW7fHVWqJ8v48iiI3SMTpGDqqiOLlETtRBDAXpAT+jZUtaj9WK9Lloz1nLmEP2A9fYJPkaQuQ==</latexit>

EE

<latexit sha1_base64="PNKY0hO7KzLybYqdZzfuc3cRmgU=">AAAB8nicdVDJSgNBEO2JW4xb1KOXxiB4Gnpi1lvQi8cIZoEkhJ5OJ2nSMz1014hhyGd48aCIV7/Gm39jZxFU9EHB470qqur5kRQGCPlwUmvrG5tb6e3Mzu7e/kH28KhpVKwZbzAllW771HApQt4AAZK3I81p4Eve8idXc791x7URKryFacR7AR2FYigYBSt1usDvIWG+glk/myNulXhlUsbEJZ6Xr1TmpFC9KJaw55IFcmiFej/73h0oFgc8BCapMR2PRNBLqAbBJJ9lurHhEWUTOuIdS0MacNNLFifP8JlVBniotK0Q8EL9PpHQwJhp4NvOgMLY/Pbm4l9eJ4ZhpZeIMIqBh2y5aBhLDArP/8cDoTkDObWEMi3srZiNqaYMbEoZG8LXp/h/0sy7Xskt3hRytctVHGl0gk7ROfJQGdXQNaqjBmJIoQf0hJ4dcB6dF+d12ZpyVjPH6Aect09XoZH6</latexit>

cbot
<latexit sha1_base64="VOjHQWEl6RGcq2TAuB/45bIphls=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0VwFRJbk3ZXdOOygn1AWspkOm0HJ5kwcyOW0M9w40IRt36NO//G6UNQ0QMXDufcy733hIngGhznw8qtrK6tb+Q3C1vbO7t7xf2DlpapoqxJpZCqExLNBI9ZEzgI1kkUI1EoWDu8vZz57TumNJfxDUwS1ovIKOZDTgkYKegCu4eMgkym/WLJsZ1yueLVsGOX/arnz4jnV9yaj13bmaOElmj0i+/dgaRpxGKggmgduE4CvYwo4FSwaaGbapYQektGLDA0JhHTvWx+8hSfGGWAh1KZigHP1e8TGYm0nkSh6YwIjPVvbyb+5QUpDKu9jMdJCiymi0XDVGCQePY/HnDFKIiJIYQqbm7FdEwUoWBSKpgQvj7F/5PWme169vl1pVS/WMaRR0foGJ0iF/mojq5QAzURRRI9oCf0bIH1aL1Yr4vWnLWcOUQ/YL19ApVYkiQ=</latexit>

ctop

… … …

…

…

…

…

<latexit sha1_base64="Kx30rlF/hbQriaxtDWH9Yc1RPvc=">AAAB7HicdVDLSgMxFM34rPVVdekmWARXw0ztc1d040oqOG2hHUsmzbShSWZIMkIZ+g1uXCji1g9y59+YtiOo6IELh3Pu5d57gphRpR3nw1pZXVvf2Mxt5bd3dvf2CweHbRUlEhMPRyyS3QApwqggnqaakW4sCeIBI51gcjn3O/dEKhqJWz2Nic/RSNCQYqSN5PHB9Z07KBQdu1Et1+pV6NjOAoY0apXzcgm6mVIEGVqDwnt/GOGEE6ExQ0r1XCfWfoqkppiRWb6fKBIjPEEj0jNUIE6Uny6OncFTowxhGElTQsOF+n0iRVypKQ9MJ0d6rH57c/Evr5fosO6nVMSJJgIvF4UJgzqC88/hkEqCNZsagrCk5laIx0girE0+eRPC16fwf9Iu2W7VrtyUi82LLI4cOAYn4Ay4oAaa4Aq0gAcwoOABPIFnS1iP1ov1umxdsbKZI/AD1tsntRSOpQ==</latexit>

m1
N

<latexit sha1_base64="hkgjwax7/6v5RQ6BuFHaMCBB+OQ=">AAAB7HicdVDLSgMxFM3UV62vqks3wSK4GmZqn7uiG1elgtMW2rFk0rQNTTJDkhHK0G9w40IRt36QO//GtB1BRQ9cOJxzL/feE0SMKu04H1ZmbX1jcyu7ndvZ3ds/yB8etVUYS0w8HLJQdgOkCKOCeJpqRrqRJIgHjHSC6dXC79wTqWgobvUsIj5HY0FHFCNtJI8PmnfNQb7g2PVKqVqrQMd2ljCkXi1flIrQTZUCSNEa5N/7wxDHnAiNGVKq5zqR9hMkNcWMzHP9WJEI4Skak56hAnGi/GR57ByeGWUIR6E0JTRcqt8nEsSVmvHAdHKkJ+q3txD/8nqxHtX8hIoo1kTg1aJRzKAO4eJzOKSSYM1mhiAsqbkV4gmSCGuTT86E8PUp/J+0i7Zbscs3pULjMo0jC07AKTgHLqiCBrgGLeABDCh4AE/g2RLWo/Viva5aM1Y6cwx+wHr7BOEIjsI=</latexit>

mN
N

<latexit sha1_base64="7+8rkHhUFMfMdLWi86ROgFN9roA=">AAAB7HicdVDLSgMxFM34rPVVdekmWARXw0ztc1d040oqOG2hHUsmzbShSWZIMkIZ+g1uXCji1g9y59+YtiOo6IELh3Pu5d57gphRpR3nw1pZXVvf2Mxt5bd3dvf2CweHbRUlEhMPRyyS3QApwqggnqaakW4sCeIBI51gcjn3O/dEKhqJWz2Nic/RSNCQYqSN5PGBe3c9KBQdu1Et1+pV6NjOAoY0apXzcgm6mVIEGVqDwnt/GOGEE6ExQ0r1XCfWfoqkppiRWb6fKBIjPEEj0jNUIE6Uny6OncFTowxhGElTQsOF+n0iRVypKQ9MJ0d6rH57c/Evr5fosO6nVMSJJgIvF4UJgzqC88/hkEqCNZsagrCk5laIx0girE0+eRPC16fwf9Iu2W7VrtyUi82LLI4cOAYn4Ay4oAaa4Aq0gAcwoOABPIFnS1iP1ov1umxdsbKZI/AD1tsntNqOpQ==</latexit>

mN
1

<latexit sha1_base64="jCeQHN5ekJs3deDR40nxwru8b5A=">AAAB7HicdVDLSgMxFM3UV62vqks3wSK4GmZqn7uiG5cVnLbQjiWTZtrQJDMkGaEM/QY3LhRx6we5829M2xFU9MCFwzn3cu89Qcyo0o7zYeXW1jc2t/LbhZ3dvf2D4uFRR0WJxMTDEYtkL0CKMCqIp6lmpBdLgnjASDeYXi387j2RikbiVs9i4nM0FjSkGGkjeXzo3rnDYsmxm7VKvVGDju0sYUizXr2olKGbKSWQoT0svg9GEU44ERozpFTfdWLtp0hqihmZFwaJIjHCUzQmfUMF4kT56fLYOTwzygiGkTQlNFyq3ydSxJWa8cB0cqQn6re3EP/y+okOG35KRZxoIvBqUZgwqCO4+ByOqCRYs5khCEtqboV4giTC2uRTMCF8fQr/J52y7dbs6k2l1LrM4siDE3AKzoEL6qAFrkEbeAADCh7AE3i2hPVovVivq9aclc0cgx+w3j4BiOaOiA==</latexit>
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…
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… …

<latexit sha1_base64="ln/33GNMRC4lPYO6PwbkfK4QJJM=">AAAB6nicdVDLSgMxFM3UV62vqks3wSK4Gmb6srMrunFZ0T6gHUomzbShmWRIMkIZ+gluXCji1i9y59+YtiOo6IELh3Pu5d57gphRpR3nw8qtrW9sbuW3Czu7e/sHxcOjjhKJxKSNBROyFyBFGOWkralmpBdLgqKAkW4wvVr43XsiFRX8Ts9i4kdozGlIMdJGuhVDd1gsObZXrVQaHnRsZwlDvHrN9crQzZQSyNAaFt8HI4GTiHCNGVKq7zqx9lMkNcWMzAuDRJEY4Skak76hHEVE+eny1Dk8M8oIhkKa4hou1e8TKYqUmkWB6YyQnqjf3kL8y+snOmz4KeVxognHq0VhwqAWcPE3HFFJsGYzQxCW1NwK8QRJhLVJp2BC+PoU/k86Zdut27Wbaql5mcWRByfgFJwDF1yAJrgGLdAGGIzBA3gCzxazHq0X63XVmrOymWPwA9bbJ2PRjeU=</latexit>o1

<latexit sha1_base64="uk5a0TSN1+V2DQlNSRZx1f5ctu4=">AAAB6nicdVDLSgMxFM34rPVVdekmWARXw0xfdnZFN66kon1AO5RMmmlDM8mQZIQy9BPcuFDErV/kzr8xbUdQ0QMXDufcy733BDGjSjvOh7Wyura+sZnbym/v7O7tFw4O20okEpMWFkzIboAUYZSTlqaakW4sCYoCRjrB5HLud+6JVFTwOz2NiR+hEachxUgb6VYMrgeFomN7lXK57kHHdhYwxKtVXa8E3UwpggzNQeG9PxQ4iQjXmCGleq4Taz9FUlPMyCzfTxSJEZ6gEekZylFElJ8uTp3BU6MMYSikKa7hQv0+kaJIqWkUmM4I6bH67c3Fv7xeosO6n1IeJ5pwvFwUJgxqAed/wyGVBGs2NQRhSc2tEI+RRFibdPImhK9P4f+kXbLdml29qRQbF1kcOXAMTsAZcME5aIAr0AQtgMEIPIAn8Gwx69F6sV6XrStWNnMEfsB6+wSPxY4C</latexit>oN

<latexit sha1_base64="ln/33GNMRC4lPYO6PwbkfK4QJJM=">AAAB6nicdVDLSgMxFM3UV62vqks3wSK4Gmb6srMrunFZ0T6gHUomzbShmWRIMkIZ+gluXCji1i9y59+YtiOo6IELh3Pu5d57gphRpR3nw8qtrW9sbuW3Czu7e/sHxcOjjhKJxKSNBROyFyBFGOWkralmpBdLgqKAkW4wvVr43XsiFRX8Ts9i4kdozGlIMdJGuhVDd1gsObZXrVQaHnRsZwlDvHrN9crQzZQSyNAaFt8HI4GTiHCNGVKq7zqx9lMkNcWMzAuDRJEY4Skak76hHEVE+eny1Dk8M8oIhkKa4hou1e8TKYqUmkWB6YyQnqjf3kL8y+snOmz4KeVxognHq0VhwqAWcPE3HFFJsGYzQxCW1NwK8QRJhLVJp2BC+PoU/k86Zdut27Wbaql5mcWRByfgFJwDF1yAJrgGLdAGGIzBA3gCzxazHq0X63XVmrOymWPwA9bbJ2PRjeU=</latexit>o1
<latexit sha1_base64="uk5a0TSN1+V2DQlNSRZx1f5ctu4=">AAAB6nicdVDLSgMxFM34rPVVdekmWARXw0xfdnZFN66kon1AO5RMmmlDM8mQZIQy9BPcuFDErV/kzr8xbUdQ0QMXDufcy733BDGjSjvOh7Wyura+sZnbym/v7O7tFw4O20okEpMWFkzIboAUYZSTlqaakW4sCYoCRjrB5HLud+6JVFTwOz2NiR+hEachxUgb6VYMrgeFomN7lXK57kHHdhYwxKtVXa8E3UwpggzNQeG9PxQ4iQjXmCGleq4Taz9FUlPMyCzfTxSJEZ6gEekZylFElJ8uTp3BU6MMYSikKa7hQv0+kaJIqWkUmM4I6bH67c3Fv7xeosO6n1IeJ5pwvFwUJgxqAed/wyGVBGs2NQRhSc2tEI+RRFibdPImhK9P4f+kXbLdml29qRQbF1kcOXAMTsAZcME5aIAr0AQtgMEIPIAn8Gwx69F6sV6XrStWNnMEfsB6+wSPxY4C</latexit>oN

Figure 6: Custom attention mask

8.2.1 Safety and Target Representation
The safety constraints capture how the stack of
boxes should not topple too far when the robot
is pulling the cereal box from underneath, and
models robot-object interactions. Specifically,
F reasons about the following constraints: 1) at
any time step t, the top cereal block should not
be excessively displaced from its initial position
gstack(st) = dthresh − ||xctop

t=t − xctop
t=0||. For in-

stance, if the bottom box is pulled very aggres-
sively, the top cereal box will be flipped over or
if the bottom block is pulled too slowly, the top
block will move with it due to friction. Both
these interactions should be avoided; 2) the bottom cereal box should not make contact with any of
the fragile objects gfragile(s) = ||xcbot − xo

fragile|| − dthresh; 3) the bottom cereal box should make soft
contact with the soft objects gsoft(s) = dthresh − ||ẋcbot − ẋo

soft||. This is a relative velocity constraint,
which requires long-horizon reasoning, so that the cereal box can slow down before making con-
tact with the object; 4) the bottom cereal box should not move over sensitive objects gsensitive(s) =
||xcbot[: 2] − xo

sensitive[: 2]|| − dthresh i.e. their x-y positions should not overlap; 5) any contact is al-
lowed with durable objects gdurable(s) = + inf . Note that since the safety constraint depends on the
semantic properties of the object in the scene, during deployment the VLM specifies the constraints
types via the parameterization ϕ ∈ {no-contact, soft-contact, any-contact, do not move over}. Dur-
ing training, we consider all combinations of object properties and respective constraints.

Hyperparameter Value

Batch size 200
# Training steps 3M
Q learning rate 1e-4
Policy learning rate 1e-4
Max. episode length 300
Optimizer AdamW
Eps 1e-8
Weight decay 0.01
Clip grad norm 5
Replay buffer size 100k
Discount factor 0.99
Polyak 0.995
Action noise 0.1
Collision threshold 1 cm

Table 2: Training hyperparameters

The target set represents the desired cereal box reach-
ing the correct goal location. Specifically, T always re-
quires 1) the bottom cereal box to be completely sepa-
rated from the top cereal box lslide(s) = ||xcbot − xctop|| −
dthresh, and 2) placed in one of two regions near the far
end of the table lgoal(s) = dthresh − ||xcbot − xgoal 1,2||.
This induces two possible target sets that the VLM can
choose from at deployment time via the target param-
eterization τ ∈ {top-goal, bottom-goal}. During train-
ing, we randomly choose between the two goal regions.

8.2.2 Custom attention mask
The custom attention mask used in VLTSafe is illustrated
in Fig. 8.2.2. Each element mi

j of the mask indicates
whether object i attends to object j; that is, mi

j = 1 if
object i attends to object j, and mi

j = 0 otherwise. As
noted in Fig. 8.2.2, the end-effector (sEE), bottom cereal
box (scbot) and top cereal box (sctop) attend to each other.
Specifically, mEE

j = 1 if object j is among the top-k near-
est objects to the end-effector. The same logic applies for
the other pairs.
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8.2.3 Architecture and training details
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<latexit sha1_base64="uWioic9Sc3+uT7pr32g9YUpvtBk=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZq6H6p7FbcOcgq8XJShhz1fumrN4hZGqE0TFCtu56bGD+jynAmcFrspRoTysZ0iF1LJY1Q+9n80Ck5t8qAhLGyJQ2Zq78nMhppPYkC2xlRM9LL3kz8z+umJrzxMy6T1KBki0VhKoiJyexrMuAKmRETSyhT3N5K2IgqyozNpmhD8JZfXiWty4pXrVQbV+XabR5HAU7hDC7Ag2uowT3UoQkMEJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A4jeNAg==</latexit>s

<latexit sha1_base64="fflT8DIRgZ1NzRM/p9XN3nEVhs4=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELx4hkUcCGzI79MLI7Ow6M2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaHSPJb3ZpygH9GB5CFn1Fip/tgrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdlr1Ku1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AN8vjQA=</latexit>q

<latexit sha1_base64="1Lym2pIKMt9vtZz8fhSf8X6lEpk=">AAAB63icbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt0dxN2J0IJ/QtePCji1T/kzX/jps1Bqw8GHu/NMDMvTAQ36HlfTmltfWNzq7xd2dnd2z+oHh51TJxqyto0FrHuhcQwwRVrI0fBeolmRIaCdcPpbe53H5k2PFYPOEtYIMlY8YhTgrk0QJIOqzWv7i3g/iV+QWpQoDWsfg5GMU0lU0gFMabvewkGGdHIqWDzyiA1LCF0Ssasb6kikpkgW9w6d8+sMnKjWNtS6C7UnxMZkcbMZGg7JcGJWfVy8T+vn2J0HWRcJSkyRZeLolS4GLv54+6Ia0ZRzCwhVHN7q0snRBOKNp6KDcFfffkv6VzU/Ua9cX9Za94UcZThBE7hHHy4gibcQQvaQGECT/ACr450np03533ZWnKKmWP4BefjGyS/jlM=</latexit>ω
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω
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Figure 7: Attention
block

All policies are trained using the same target and failure sets as defined in
Sec. 8.2.1 and optimized via the update rule discussed in Sec. 8.1.3. The
training hyperparameters are kept consistent across all methods and are shown
in Table 2. The policies are trained using one NVIDIA RTX A6000 GPU and
an Intel i9-10900K CPU.

In VLTSafe, both the actor and critic networks are composed of their respec-
tive tokenizers, multihead self-attention layers and output heads. Each tok-
enizer comprises two hidden layers with 64 units each and SiLU activation,
followed by an output layer that projects inputs into a 128-dimensional token
embedding space. The core transformer backbone follows the standard ar-
chitecture of Vaswani et al. [31], with two layers of multi-head self-attention,
each employing four attention heads, as shown in Fig. 7. The feedforward
block is composed of a single hidden layer of size 256 and an output layer
that projects back to the token embedding dimension. The action and value
prediction heads are implemented as two-layer MLPs with 64 hidden units per
layer. In total, VLTSafe contains approximately 620k trainable parameters.
The actor and critic networks in the MLP baseline are implemented simply
as five-layer MLPs with 256 hidden units per layer and ReLU activation re-
sulting in 540k total trainable parameters.

8.3 VLM for Test-Time Safety and Target Specification

Agent role prompt: You are an excellent safe planning agent for dynamic tasks. You are
given a task description and an image showing the robot and objects on a table. The robot is
trying to slide the blue box from under the red box and to the goal regions to the right of the
table, without damaging other objects along the way.
Safety constraint selection prompt: Each object on the table can potentially come in
contact with the end-effector. You need to decide the safe interaction type for each ob-
ject on the table from the list of constraint types. Here the description of the constraint
types: no contact implies that there should absolutely be no contact with a certain ob-
ject. soft contact implies that you can softly interact with that object, push it softly, etc.
any contact implies that any kind of interaction including aggressive impact is allowed.
no over implies that the robot is not allowed to move over (on top of) the object. Some hints
on how to decide on the constraint type for an object: If an object is soft or made of durable
material, and softly pushing it or moving it without toppling it is okay, soft contact can
be allowed with that object. If an object is very durable, and pushing it aggressively will not
damage it, any contact can be allowed with that object. If an object is fragile, and contact-
ing it might damage it, no contact should be allowed with that object. If an object is very
sensitive like an open laptop or a bowl of food, and moving over it might be risky, no over
should be constrained for that object. Usually objects such as cups, wine glasses, bowls,
electronics, etc are considered fragile and should be no contact. Plastic objects such as
bottles, plastic cans, tubes can be allowed soft contact. Soft and non-critical objects such
as toys, clothing, etc. are soft and can be ignored and allowed any contact. Provide brief
explanation, for choosing a specific constraint type for an object. In image description
briefly describe the scene and features relevant to the task.
Target constraint selection prompt: The robot is trying to slide the blue box from under
the red box and place it in one of the two goal regions to the right of the table indicated by
the two yellow squares on the table. The square closer to the robot is bottom goal and the
square further away is top goal . Choose the target region for the blue box from the two
goal regions such that it is safe to slide the blue box to that target region. Also provide a
brief explanation for choosing that target region.
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Figure 8: Real-world deployment: Zero-shot sim-to-real transfer of a policy trained in simulation (Random-
Const, 6 objects) to a real-world settings with (A) 8, (B) 10 and (C) 14 objects. Constraints are first inferred
using a VLM. In (A) and (B) the VLM is asked to specify constraints based on common sense reasoning while
in (C) the VLM is directed to strictly avoid food shaped objects (see Sec. 8.4.1). As the robot pulls the blue
box from under the red one, it makes allowable contact with the soft/durable objects, moves around or lifts up
to avoid fragile objects and places the box safely in the goal regions deemed safe by the VLM.

Structured Output We employ the structured output capabilities of Ope-
nAI’s Python API to force a desired structure on what is output by GPT4o. Below is the
create vlm constraint response function used in the implementation of VLTSafe

1 def create_vlm_constraint_response(object_list , safety_constraint_list
, target_constraint_list):

2

3 fields = {}
4 for i in range(len(object_list)):
5 fields[f"explanation_obj_{object_list[i]}"] = (str , ...)
6 fields[f"{object_list[i]}"] = (safety_constraint_list , ...)
7

8 SafetyConstraintsPerObject = create_model("
SafetyConstraintsPerObject", ** fields)

9

10 class ConstraintResponse(BaseModel):
11 safety_constraints_per_object: SafetyConstraintsPerObject
12 target_region: target_constraint_list
13 target_description: str
14 image_description: str
15

16 return ConstraintResponse

Code Listing 1: The create vlm constraint response function used to structure output from
GPT4o.

The create vlm constraint response function takes as input the list of objects in the scene, list
of semantic targets (bottom goal, top goal) and the list of valid safety constraints for each object
(no contact, soft contact, any contact, no over). These lists are used to populate the mem-
ber variables of ConstraintResponse ensuring that both target and safety constraint outputs are
restricted to valid options when querying the OpenAI API, thereby helping to prevent hallucinations.

8.4 Real-world Experiments

We control the Franka robot using Cartesian impedance control, which takes the desired end-effector
pose as input at each time step. Our learned policy outputs the desired displacement of the end-
effector, which is converted into an absolute pose and passed to the controller. Real-world rollouts
for increasing number of objects than seen during training are shown in Fig. 8
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Task prompt: Safely take box 
to one of the goal regions. 
Constraint type selection: 
Cup : <No contact> 
Plush toy : <Any contact> 
Salad Bowl : <No over> 
Supplement: <Soft contact> 
Loofah : <Any contact> 
Controller: <No contact> 
Ball: <Any contact> 
Blue die: <Any contact> 
Target set selection: 
Goal: <top-goal>

Bottom goal

Top goal

Constraint type selection: 
Cup : <No contact> 
Plush toy : <Any contact> 
Red Bowl : <Soft contact> 
Supplement: <Soft contact> 
Loofah : <Any contact> 
Controller: <No contact> 
Ball: <Any contact> 
Blue die: <Soft contact> 
Target set selection: 
Goal: <bottom-goal>

Task prompt: Safely take box 
to one of the goal regions. 

Top goal

Bottom goal

(A) (B)

(C)

Constraint type selection: 
Cup : <Soft contact> 
Blue bowl : <Any contact> 
Burger: <No contact> 
Tomato: <No contact> 
Squash: <No contact> 
Controller: <Soft contact> 
Mouse: <Soft contact> 
Loofah: <Any contact> … 
Target set selection: 
Goal: <top-goal>

Task prompt: …Consider only 
food shaped objects fragile.

Bottom goal

Top goal

Constraint type selection: 
Tape : <Any contact> 
Carrot : <No contact> 
Burger: <No contact> 
Tomato: <No contact> 
Squash: <No contact> 
Controller: <Soft contact> 
Mouse: <Soft contact> 
Supplement: <Soft contact> … 
Target set selection: 
Goal: <bottom-goal>

Task prompt: …Consider only 
food shaped objects fragile.

Top goal

Bottom goal

(D)

Figure 9: Qualitative results for the VLM selecting safety constraint types and target regions based on the
semantics of the objects as observed in the input image as well as the task description.

8.4.1 Qualitative examples of VLM constraint selection

In Fig. 9(A) and (B), the VLM is prompted to specify target regions and safety constraints based
on commonsense reasoning about the material properties of objects. As a result, electronics and
porcelain cups are treated as fragile. Accordingly, the goal region in both (A) and (B) is selected
to avoid including the porcelain mug. When the bowl contains salad, as in (B), it is assigned the
constraint no over; otherwise, as in (A), it is assigned soft contact.

In Fig. 9(C) and (D), the VLM is given explicit instructions to treat certain objects in specific ways.
In this case, it is directed to consider only food-shaped objects as fragile. Consequently, these objects
are assigned the constraint no contact, and the goal regions are selected to avoid them. Notably,
electronics—previously considered no contact in (A) and (B)—are now assigned soft contact

in (C) and (D), in accordance with the user’s updated instructions. This highlights the VLM’s ca-
pacity to interpret user intent and adapt task constraints accordingly, which is particularly valuable
for nuanced and complex tasks requiring human-in-the-loop guidance.
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