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Abstract

Safe reinforcement learning (RL) requires the agent to finish a given task while
obeying specific constraints. Giving constraints in natural language form has
great potential for practical scenarios due to its flexible transfer capability and
accessibility. Previous safe RL methods with natural language constraints typically
need to design cost functions manually for each constraint, which requires domain
expertise and lacks flexibility. In this paper, we harness the dual role of text in
this task, using it not only to provide constraint but also as a training signal. We
introduce the Trajectory-level Textual Constraints Translator (TTCT) to replace
the manually designed cost function. Our empirical results demonstrate that TTCT
effectively comprehends textual constraint and trajectory, and the policies trained
by TTCT can achieve a lower violation rate than the standard cost function. Extra
studies are conducted to demonstrate that the TTCT has zero-shot transfer capability
to adapt to constraint-shift environments.

1 Introduction

In recent years, reinforcement learning (RL) has achieved remarkable success in multiple domains,
such as go game [37,38] and robotic control 21} 45]. However, deploying RL in real-world scenarios
still remains challenging. Many real-world decision-making applications, such as autonomous driving
[13L 9] require agents to obey certain constraints while achieving the desired goals. To learn a safe
constrained policy, some safe RL works [2}133]144} 49, |39/ 48| 6] have proposed methods to maximize
the reward while minimizing the constraint violations after training or during training.

However, several limitations prevent the existing safe RL methods’ widespread use in real-world
applications. Firstly, these methods often require mathematical or logical definitions of cost functions,
which require domain expertise (Limitation 1). Secondly, their cost function definitions are frequently
specific to a particular context and cannot be easily generalized to new tasks with similar constraints
(Limitation 2). Lastly, most current safe RL methods focus on constraints that are logically simple,
typically involving only one single entity or one single state [28], which can’t represent the real-world
safety requirements and lack universality (Limitation 3).

Using natural language to provide constraints [46} 29] 20] is a promising approach to overcome
Limitation 1 and 2 because natural language allows for flexible, high-level expression of constraints
that can easily adapt to different scenarios. Regarding Limitation 3, previous approaches primarily
employ what we call the single state/entity textual constraint. The single-state/entity textual con-
straint focuses solely on constraints related to one specific state or entity, limiting the ability to model
complex safety requirements in real-world scenarios. Many safety requirements involve interactions
and dependencies among multiple states or entities over time. By only addressing a single state or
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Table 1: Comparison of trajectory-level constraints and previous single state/entity constraints.
Universal Trajectory-level constraints can model any constraint requirements in real-world scenarios.
But single state/entity constraint can only model the constraint requirements on individual state/entity.

Single state/entity constraint (previous) Trajectory-level constraint (ours)

Don’t drive car. (single entity) Don’t drive car after you drink wine. (multi
entities)

Don’t touch lava. (single state) Don’t touch lava more that three times. (multi
states)

Don’t step in the gassed area. (single state) Don’t stay in the gas area for more than 5 min-
utes, your gas mask will fail. (multi states)

entity, these constraints fail to capture the dynamic relationships and temporal aspects that are crucial
for ensuring safety in complex environments. So we suggest using a more generalizable constraint
type trajectory-level textual constraint. The trajectory-level textual constraint is a more universal
constraint with complex logic semantics involving multiple states/entities. It is a nonlinear combina-
tion of multiple entities or multiple environment states and can model any constraint requirements in
real-world scenarios. The trajectory-level constraints in natural language form are the highly abstract
expression of the agent’s behavior guidelines, serving as a more natural and straightforward way to
introduce constraints. Notably, the set of trajectory-level constraints encompasses single-state con-
straints, as any single-state constraint can be reformulated as an equivalent trajectory-level constraint.
Examples of trajectory-level textual constraint and single state/entity textual constraint are presented
in Table[Tl

Employing trajectory-level textual constraints across the entire trajectory poses two significant
challenges. Firstly, determining whether an RL agent violates textual constraint over a trajectory
is non-trivial, it needs to have the perception of the historical states and actions observed along the
trajectory (Challenge 1). Secondly, the trajectory-level safety problem is susceptible to sparse cost
[34]], where cost is only imposed when the agent violates textual constraints at the final time step,
making it challenging for the agent to learn which actions contribute to a gradual escalation of risk
(Challenge 2). For instance, the agent needs to learn constraints like, "Don’t touch lava after you
touch grass." Without intermediate feedback, however, it struggles to understand how early actions,
such as stepping on grass, contribute to eventual violations.

To address Challenge 1, we propose a general approach to align the trajectory’s factual logic with the
text’s semantic logic, eliminating the need for manual encoding or separate models for each type of
constraint. Our method employs a sequence model [41.[15] for modeling agent historical interactions
with the environment, and a pre-trained language model (LM) [7] to comprehend natural language
constraints. We then maximize the embedding similarities between matching pairs (trajectory, text)
and minimize the embedding similarities between non-matching pairs using a contrastive learning
approach [25] similar to CLIP [30]. By calculating the similarity between the textual embeddings of
the constraint and the trajectory, we can predict whether a constraint is violated in this trajectory. Our
method uniquely leverages text as both a source of constraints and a unified supervisory signal for
trajectory encoding. In this dual role, text not only provides constraints but also guides the training
process, enabling the model to naturally handle diverse semantic constraints without requiring specific
model adjustments for each type. This design allows for a more flexible and generalizable system,
significantly simplifying the handling of complex, multi-dimensional constraints.

In addition, to address the issue of cost sparsity (Challenge 2), we introduce a method for temporal
credit assignment [40]. The proposed approach involves decomposing the one episodic cost of the
textual constraint into multiple parts and allocating them to each state-action pair within the trajectory.
This method offers denser cost signals regarding the relationship between the textual constraint and
the agent’s every action. It informs the agent which behaviors are risky and which are safer, thereby
enhancing safety and aiding model performance.

Our experiments demonstrate that the proposed method can effectively address Challenge 1 and
Challenge 2. In both 3D navigation [[19]] and 2D grid exploration [46] tasks, agents trained using
our method achieve significantly lower violation rates (up to 4.0x) compared to agents trained with
ground-truth cost functions while maintaining comparable rewards and more importantly, our method
obtains the Pareto frontier [[10]]. In addition to this, our method has zero-shot adaptation capability to
adapt to constraint-shift environments without fine-tuning.



2 Related Work

Safe RL. Safe RL aims to train policies that maximize reward while minimizing constraint violations
[12,[13). In prior work, there are usually two ways to learn safe policies: (1) consider cost as one
of the optimization objectives to achieve safed[6, 149, [39, 144, [33], and (2) achieve safety by
leveraging external knowledge (e.g. expert demonstrati®h))32, 1, 47]. These typical safe RL
algorithms require either human-de ned cost functions or human-speci ed cost constraints which are
unavailable in the tasks that constraints are given by natural language.

RL with Natural Language. Prior works have integrated natural language into RL to improve
generalization or learning ef ciency in various ways. For example, Hermann et4lsfudied how

to train an agent that can follow natural language instructions to reach a speci ¢ goal. Additionally,
natural language has been used to constrain agents to behave safely. For instance, Prakash et al. [
trained a constraint checker to predict whether natural language constraints are violated. Yang et
al. [46] trained a constraint interpreter to predict which entities in the environment may be relevant
to the constraint and used the interpreter to predict costs. Lou @8hluged pre-trained language
models to predict the cost of speci ¢ states, avoiding the need for arti cially designed cost functions.
However, previous methods cannot uniformly handle textual constraints with one framework, which
limits their applicability.

Credit Assignment in RL. Credit assignment studies the problem of inferring the true reward from
the designed reward. Prior works have studied improving sample ef ciency of RL algorithms through
credit assignment, for example by using information gairj,[as an intrinsic bonus reward to aid
exploration. Goyal et al.12] proposed the use of natural language instructions to perform reward
shaping to improve the sample ef ciency of RL algorithms. Liu et ab][learned to decompose the
episodic return as the reward for policy optimization. However, to the best of our knowledge, our
work is the rst to apply credit assignment to safe RL.

3 Preliminaries

Problem formulation.  Trajectory-level constraint problem can be formed as the Con-
strained Non-Markov Decision Process (CNMDB) 43], and it can be de ned by the tuple
<S;A;T;R; ;C;Y; *>. HereS represents the set of statdsrepresents the set of actioris,
represents the state transition functiBrrepresents the reward function, and”0; 1+ represents

the discount factor. In additiotY, represents the set of trajectory-level textual constraints (e.g., “You
have 10 HP, you will lose 3 HP every time you touch the lava, don't die.”), which describes the
constraint that the agent needs to obey across the entire trajeCtoepresents the cost function
determined by >Y. * represents the set of historical trajectories.

RL with constraints. The objective for the agent is to maximize reward while obeying the speci ed
textual constraint as much as possitlé|[ Thus, in our task setting, the agent needs to learn a policy

:S Y % P"Ae which maps from the state spaSetextual constraint¥ and historical
trajectories * to the distributions over actios. Given ay, we learn a policy that maximizes the
cumulative discounted rewadgk while keeping the cumulative discounted cost (average violation
rate)Jc below a constraint violation budgBtc “ye:

maxJr™ ¢ E Q R7s;e st Jc” ¢ E Q C st ay; i BBcye: Q)
t o t o0

HereBc ys andC™s;; a;;y; ¢ are two functions both depending on textual constrgint
represents the historical trajectory at time dtep

Episodic RL. Similar to the task with episodic reward4[in our task setting, a cost is only given at

the end of each trajectorywhen the agent violates the textual constrginin other words, before
violatingy, the costC”s;; a;;y; t» Oforallt @T. For simplicity, we omit the discount factor

and assume that the trajectory length is at nfosb that we can denotg as the nal action that
causes the agent to violagewithout further confusion. Therefore, the constraint quali cation of

the objective in RL with constraints becomks™ « E C’srt;ar;y; 1* BBc ye. Due tothe
sparsity of cost, a large amount of rollout trajectories are needed to help the agent distinguish the
subtle effects of actions on textual constrad][ This situation will become more serious when
trajectory-level constraints are complex and dif cult to understand.



Figure 1: TTCT overview. TTCT consists of two training components: (he text-trajectory
alignment componergonnects trajectory to text with multimodal architecture, andtli2)cost
assignment componeassigns a cost value to each state-action based on its impact on satisfying
the constraint. When training RL policy, the text-trajectory alignment component is used to predict
whether a trajectory violates a given constraint and the cost assignment component is used to assign
non-violation cost.

4 TTCT: Trajectory-level Textual Constraints Translator

In this section, we introduce our proposed framewbfiICT ( Trajectory-levell extualConstraints
Translator) as shown in Figure 1. TTCT has two key componeghgstext-trajectory alignment
componenandthe cost assignment componenhe text-trajectory alignment component is used to
address the violations prediction problem. The cost assignment component is used to address the
sparse cost problem.

4.1 Text-Trajectory Alignment Component

We propose a component to learn from of ine data to predict whether a given trajectory violates
textual constraints. The core idea of this component is to learn trajectory representations under textual
supervision and connect trajectory representation to text representation. If the distance between
the two representations in the embedding space is suf ciently close, we can consider that the given
trajectory violates the constraint. Our approach does not require modeling entities of the environment
like previous work, such astf], which involves labeling hazardous items arti cially in every
observation. Instead, we model this task as a trajectory-text multimodal learning problem. Hence,
our method can learn trajectory representations and text representations from tlfgegjaatory,
trajectory-level textual constraint)Ve believe that learning from the supervision of natural language
could not only enhance the representation power but also enable exible zero-shot transfer [30].

Formally, given a batch dfl (trajectory , trajectory-level textual constraig) pairs. For each

pair, the trajectory corresponds to the text, indicating that the given trajectory violates the given
textual constraint. The trajectory can be de ned as”s;;a;;sy;a;:::;St 1;ar 1;St;are*, where

T is the step at which the textual constraynis rst violated by the trajectory. Here; is ads-
dimensional observation vector. Each state in the trajectory is processed by a state encoder to obtain
a representation?, also action is processed by an action encoder to obtain a represemfatibimen,

we concatenate’ andv? to obtain a vector representatienfor each state-action pair. After that,

we learn separate unimodal encodgrsandgc for the trajectory and textual constraint, respectively.

The trajectory encodeyr utilizes a causal transformer to extract the trajectory representation from
the input state-action representation sequénee’ ;:

HiHz HsionHr Hr or 7 ve! oo )
whereH; is ady -dimensional vector. The nal embeddind)r is used as the representation for
the entire trajectory. Speci cally, the causal Transformer processes the trajectory sequence by
maintaining a left-to-right context while generating embeddings. This allows the model to capture
temporal dependencies within the trajectory and obtain the embeddings for time stepShéfhee

textual constraint encodeg is used to extract features that are related to the constraints and it could
be one of a wide variety of language models:

L gy ®3)



whereL is ad, -dimensional vector representation. Then we de ne symmetric similarities between
the two modalities with cosine distance:
simr”™ ;ye exp <t Hr L~ simy’y; o exp of LA
Ty OP "t g sasst™T Y P ' 359885
where is a learnable parameter amdmeans that use last embedding of trajectory to calculate
similarity. And we use softmax to calculamjectory  text andtext trajectory similarities
scores:

(4)

y~ . exp'sims” jyiee . exp simr’y; jee

. » B ye - : 5
Pl expsime” jyjee’ P exp'simry; jee ©)

P

Letqg Y" ;¢ “ye indicate the ground-truth similarity scores, whereltlegative pair (trajectory
doesn't violate textual constraint) has a probability of O andpbsitive pair (trajectory violate

textual constraint) has a probability of 1. In our task setting, a trajectory can correspond to multiple
textual constraints, and vice versa. For example, two textual constraints sti2b ast touch lava”
and“After stepping on water, do not touch lavahight both be violated by a single given trajectory.
This many-to-many relationship between trajectories and textual constraints implies that the same
textual constraints (or different textual constraints with the same semantics) can apply to multiple
trajectories, while a single trajectory may comply with several textual constraints. So there may be
more than one positive pairip ¥~ « andg’ “ye. Therefore, we use Kullback-Leibler (KL)
divergence [23] as thmultimodal contrastive (MC) loss to optimize our encoder similar to [42]:

1
Lmc EEA yv.p KL'p Y7 e;softmax’q Y~ e KL"p' “ye;softmax’q® “yees ; (6)

whereD is the training set.

In addition to the multimodal contrastive (MC) loss, we also introduegtfain-trajectory (WT) loss.
Speci cally, suppose we have a trajectory's representation sequein¢el¢; Hs;::;;H~1 1.;HT)
and its corresponding textual constraint embeddinge can calculate cosine similarigym;” ;y ¢
between embedding; andL using Equation 4. Then we can calculate similarity scores within the
trajectory:

exp sim;” ;y ee

e ()

Py 1 €Xp Sim™ ;yee
Different fromp’ “ye in Equation 5, which measures similarity scores acidssajectories,
Equation 7 is used to measure the similarity scores of different time steps within a trajectory. The
reason for doing this is that the textual constraint is violated at timeTsteghile in the previous time
steps the constraint is not violated. Therefore, the instinct is to maximize the similarity score between
the nal trajectory embeddinglt and the textual constraint embeddingwhile minimizing the
similarity score between all previous time step embeddikrs (,;Hs;::;;H-1 1.¢ and the textual
constraint embeddin. Based on this instinct, we introduesthin-trajectory (WT) loss:

P Y.

1AT 1 . . R .
Lwr E-y.p 70 log"l p;"yee log pryees ; ®)
t 1

where the rst term is responsible for minimizing the similarity score for the embedding of time
steps beford in the trajectory sequence, while the second term is responsible for maximizing the
similarity score for the embedding of time stép

By combining these two lossésyT ;Lmc , We can train a text encoder to minimize the distance
between embeddings of semantically similar texts, while simultaneously training a trajectory encoder
to minimize the distance between embeddings of semantically similar trajectories. Crucially, this
approach enables us to align the text and trajectory embeddings that correspond to the same semantic
constraint, fostering a cohesive representation of their shared meaning, and further determining
whether the trajectory violates the constraint by calculating embedding similarity.

4.2 Cost Assignment Component

After solving the problem of predicting whether a given trajectory violates a textual constraint, there is
still the issue of cost sparsity. Motivated by the works of temporal credit assign@t}mve propose



a component to capture the relationship between the state-action pair and the textual constraint and
assign a cost value to each state-action based on its impact on satisfying the constraint.

Speci cally, suppose we have a (trajectorytextual constraing) pair and its representatioﬁrflt-tT 1

L) obtained from text-trajectory alignment component. The textual constraint represeitation

is processed by an episodic-cost prediction l&y&rto obtain a predicted episodic catys
sigmoid F ¢~ L e for the entire trajectory. We expect the episodic cost can be considered as the sum of
cost on all non-violation state-action pai3®ys PtT 11 €"si;a;;y; t*. To evaluate the signi cance

of each timestep's action relative to textual constraints, we employ an attention mechanism:

€ sigmoid sim;” ;yee: 9)

Here we regard the text representation agghery, each time step's representation in the trajectory

as thekey, and compute the attention sca@ebased on the cosine similarity metric. After that, we

use the sigmoid function to make sure the score falls within the range of 0 to 1. Each attention score
€ quanti es the degree of in uence of the state-action pair, a;» on violating the textual constraint.
Then we obtain an in uence-based representqu"n eH;. To predict the costs;; a;;y; t°,

we incorporate a feed-forward layer called the cost assignmentfdyand output the predicted
non-violation single step cost as:

&'s;ay; ¢+ sigmoid F S Concat Hy; Lese (10)

The loss function for measuring inconsistency of the episodic€dgt and the sum of non-violation
single step cost&’s;; a;;y; hi* can be formed as:

T 1
Lca Ery.p  Q €suagy; ¢+ Clyee?: (11)
t 1

This mutual prediction loss functidnc s is only used to update the episodic-cost prediction layer

and cost assignment layer, and not to update the parameters of the trajectory encoder or text encoder
during backpropagation. This helps ensure the validity of the predictions by preventing over tting or
interference from other parts of the model.

The effectiveness of this component comes from two main sources. First, the text-trajectory alignment
component projects semantically similar text representations to nearby points in the embedding space,
allowing the episodic-cost prediction layer to assign similar values to embeddings with close distances.
This aligns with the intuition that textual constraints with comparable violation dif culty should yield
similar episodic costs. Second, the cost assignment layer leverages the representational power of the
text-trajectory alignment component to capture complex relationships between state-action pairs and
constraints, enabling accurate single-step cost predictions.

In our experiment, we simultaneously train the text-trajectory alignment component and cost assign-
ment component end-to-end with a uniform loss functigt 1 :

Ltrct Lmc Lwt Lea: (12)

By doing this, we can avoid the need for separate pre-training or ne-tuning steps, which can be time-
consuming and require additional hyperparameter tuning. Also, this can enable the cost assignment
component to gradually learn from the text-trajectory alignment component and make more accurate
predictions over time.

In the test phase, at time stegre encode trajectory and textual constraint with Equation 3 and
Equation 2 to obtain the entire trajectory embeddihgand text embedding. Then we calculate
distance scorsim” ;ye using Equation 4. The predicted cost functivis given by:

1; if sim™ ¢;ys C;
; . R R : ; 13
Rigmoid" F ¢ Concat HF; Leee; otherwise (13)
where is a hyperparameter that de nes the threshold of the cost predidtion.indicates that the
TTCT model predicts that the textual constraint is violated. Otherwise, if the textual constraint is not
violated by the given trajectory, we assign a predicted cost using Equation 10.



5 Policy Training

Our Trajectory-level textual constraints Translator framework is a general method for integrating
free-form natural language into safe RL algorithms. In this section, we introduce how to integrate
our TTCT into safe RL algorithms so that the agents can maximize rewards while avoiding early
termination of the environment due to violation of textual constraints. To enable perception of
historical trajectory, the trajectory encoder and text encoder are not only ufedes plugins gr

andgc for cost prediction but also dgainable sequence modelgﬁ andg@ for modeling historical
trajectory. This allows the agent to take into account historical context when making decisions. To
further improve the ability to capture relevant information from the environment, we use Lb&A [

to ne-tune both thegf andg during policy training. The usage gf , gc andgt, ¢t is illustrated

in Appendix A.4 Figure 8.

Formally, let's assume we have a policywith parameter to gather transitions from environments.
We maintain a vector to record the history state-action pairs sequence, and at time/stepeg;

andgé to encode ; and textual constraint so that we can get historical context representation
H: 1 and textual constraint representationThe policy selects an actian “o;Ht 1;Leto
interact with environment to get a new observatipn . And we update; with the new state-action
pair”o; a;* to get . With { andL, & can be predicted according to Equation 13. Then we store
the transition into the buffer and keep interacting until the buffer is full. In the policy updating phase,
after calculating the speci c loss function for different safe RL algorithms, we update the policy
with gradient descent and updqﬁe, gé with LoRA. It is worth noting thatyr andgc are not updated
during the whole policy training phase, as they are only used for cost prediction. The pseudo-code
and more details of the policy training can be found in Appendix A.4.

6 Experiments

Our experiments aim to answer the following questigid$:Can our TTCT accurately recognize
whether an agent violates the trajectory-level textual constraf@ij)d?oes the policy network, trained

with predicted cost from TTCT, achieve fewer constraint violations than trained with the ground-truth
cost functionq3) How much performance improvement can the cost assignment (CA) component
achieve4) Does our TTCT have zero-shot capability to be directly applicable to constraint-shift
environments without any ne-tuning? We adopt the following experiment setting to address these
guestions.

(a) Hazard-World-Grid  (b) SafetyGoal (c) LavaWall

Figure 2: (a) One layout inlazard-World-Grid [46], where orange tiles are lava, blue tiles are water
and green tiles are grass. Agents need to collect reward objects in the grid while avoiding violating our
designed textual constraint for the entire episode. (b) Robot navigatio®&dstyGoalthat is built

in Safety-Gymnasiuml[9], where there are multiple types of objects in the environment. Agents need
to reach the goal while avoiding violating our designed textual constraint for the entire episode. (c)
LavaWall [5], a task has the same goal but different hazard objects compared to Hazard-World-Grid.

6.1 Setup

Task. We evaluate TTCT on two tasks (Figure 2 (a,b)): 2D grid exploration ltéestard-World-

Grid (Grid) [46] and 3D robot navigation tasRafetyGoa(Goal) [19]. And we designed over 200
trajectory-level textual constraints which can be grouped into 4 categories, to constrain the agents.
A detailed description of the categories of constraints will be given in Appendix A.1. Different
from the default setting, in our task setting, when a trajectory-level textual constraint is violated, the



environment is immediately terminated. This is a more dif cult setup than the default. In this setup,
the agents must collect as many rewards as possible while staying alive.

Baselines. We consider the following baseline$2P0[36], PPOLagrangian "PPOLage [33],
CPPCPID [39], FOCOPRI9. PPCdoes not consider constraints and simply aims to maximize
the average reward. We uB®Co compare the ability of our methods to obtain rewards. As for
the last three algorithms, we design two training modes for them. One is trained with standard
ground-truth cost, where the cost is given by the human-designed violation checking functions, and
we call it ground-truth (GC) mode. The other is trained with the predicted cost by our proposed
TTCT, which we refer to as cost prediction (CP) mode. More information about the baselines and
training modes can be found in Appendix A.1 A.2.

Metrics. We take average episodic reward (Avg. R) and average episodic cost (Avg. C) as the main
comparison metrics. Average episodic cost can also be considered as the average probability of
violating the constraints. The higher Avg. R, the better performance, and the lower Avg. C, the better
performance.

(a) Hazard-World-Grid (b) SafetyGoal

Figure 3: Evaluation results of our proposed method TTCT.The blue bars are our proposed

cost prediction (CP) mode performance and the are the ground-truth cost (GC) mode
performance. The black dashed lines BRperformance. (a) Results on Hazard-World-Grid task.

(b) Results on SafetyGoal task.

6.2 Main Results and Analysis

The evaluation results are shown in Figure 3 and the learning curves are shown in Figure 4. We can
observe that in thelazard-World-Gridtask, compared witRPQthe policies trained with GC can
reduce the probability of violating textual constraints to some extent, but not signi cantly. This is
because the sparsity of the cost makes it dif cult for an agent to learn the relevance of the behavior
to the textual constraints, further making it dif cult to nd risk-avoiding paths of action. In the
more dif cult SafetyGoatask, it is even more challenging for GC-trained agents to learn how to
avoid violations. In theCPPCPID andFOCOPA&gorithms trained with GC mode, the probability

of violations even rises gradually as the training progresses. In contrast, the agents trained with
predicted cost can achieve lower violation probabilities than GC-trained agents across all algorithms
and tasks and get rewards close to GC-trained agents.

These results show thaT CT can give an accurate predicted episodic cost at the time step when

the constraint is violated, it can also give timely cost feedback to non-violation actions through

the cost assignment component so that the agents can nd more risk-averse action pati#sd

these results answer questigyand(2). The discussion about the violation prediction capability of
the text-trajectory component can be found in Appendix B.1. The interpretability and case study of
the cost assignment component can be found in Appendix B.2.

6.3 Ablation Study

To study the in uence of the cost assignment component. We conduct an ablation study by removing

the cost assignment component from the full TTCT. The results of the ablation study experiment are

shown in Figure 4. We can observe that even TTCT without cost assignment can achieve similar
performance as GC mode. And in most of the results if we remove the cost assignment component,
the performance drops. This shows that text trajectory alignment component can accurately

predict the ground truth cost, and the use of the cost assignment component can further help

us learn a safer agent These results answer questi¢8%



Figure 4:Learning curve of our proposed method TTCT. Each column is an algorithm. The six
gures on the left show the results of experiments on the Hazard-World-Grid task and the six gures
on the right show the results of experiments on the SafetyGoal task. The solid line is the mean value,
and the light shade represents the area within one standard deviation.

(a) Hazard-World-Grid (b) SafetyGoal

Figure 5:Ablation study of removing the cost assignment (CA) componen(The blue bars are

cost prediction (CP) mode performance with full TTCT and the is the cost prediction
(CP) mode performance without CA component. The black dashed lin&P&performance. (a)
Ablation results on Hazard-World-Grid task. (b) Ablation results in SafetyGoal task.

6.4 Further Results

Pareto frontier. Multi-objective optimization typically involves nding the best trade-offs between
multiple objectives. In this context, it is important to evaluate the performance of different methods
based on their Pareto frontiet(], which represents the set of optimal trade-offs between the reward
and cost objectives. We plot the Pareto frontier of policies trained with GC and policies trained with
CP on a two-dimensional graph, with the vertical axis representing the reward objective and the
horizontal axis representing the cost objective as presented in Figure 6. The solution that has the
Pareto frontier closer to the origin is generally considered more effective than those that have the
Pareto frontier farther from the origin. We can observe from the gure that the policies trained with
predicted cost by our TTCT have a Pareto frontier closer to the origin. This proves the effectiveness
of our method and further answers Questi¢hisand(2).

(a) PPOLag (b) CPPCPID (c) FOCOPS

Figure 6:Results of Pareto frontiers.We compare the performance of 200 policies trained using
cost prediction (CP) and 200 policies trained with ground-truth cost (GC)I Treymbol represents
the policy on the Pareto frontier. And we connect the Pareto-optimal policies with a curve.
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Zero-shot transfer capability. To explore whether our method has zero-shot transfer capability,
we use the TTCT trained under thtazard-World-Gridenvironment to apply directly to a new
environment calledlavaWall(Figure 2 (c)) p], without ne-tuning. The results are shown in Figure

7. We can observe that the policy trained with cost prediction (CP) from TTCT trained under the
Hazard-World-Grid environment can still achieve a low violation rate comparable to the GC-trained
policy. This answers Questiqd).

(a) Zero-shot reward (b) Zero-shot cost

Figure 7:Zero-shot adaptation capability of TTCT on LavaWall task. The left gure shows the
average reward and the right gure shows the average cost.

7 Conclusion and Future Work

In this paper, we study the problem of safe RL with trajectory-level natural language constraints and
propose a method of trajectory-level textual constraints translator (TTCT) to translate constraints into
a cost function. By combining the text-trajectory alignment (CA) component and the cost assignment
(CA) component, our method can elegantly solve the problems of predicting constraint violations
and cost sparsity. We demonstrated that our TTCT method achieves a lower violation probability
compared to the standard cost function. Thanks to its powerful multimodal representation capabilities,
our method also has zero-shot transfer capability to help the agent safely explore the constraint-shift
environment. This work opens up new possibilities for training agents in safe RL tasks with total
free-form and complex textual constraints.

Our work still has room for improvement. The violation rate of our method is not absolute zero.
In future work, we plan to investigate the application of TTCT in more complex environments
and explore the integration of other techniques such as meta-leafrijng further improve the
performance and generalization capabilities of our method.
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A Dataset and Training Details

A.1 Dataset

In our task setting, humans need to provide high-level textual instruction to the agent for the entire
trajectory, and then TTCT can predict the cost based on the real-time state of the agent's exploration
so that the agent can learn a safe policy with the predicted cost. Thus our dataset is comprised of two
parts: the trajectory-level textual constraints and the environments.

Trajectory-level textual constraints: To generate textual constraints, we rst explore the environ-
ment using a random policy, collecting a large amount of of ine trajectory data. Then we design a
descriptor that automatically analyzes trajectories and gives natural language descriptions based on
prede ned templates. To validate whether our method can understand different dif culty levels of
textual constraints, we design four types of trajectory-level textual constraints. The four types of
textual constraints are:

1. Quantitative textual constraint describes a quantitative relationship in which an entity in the
environment cannot be touched beyond a speci ¢ number of times, which can be interpreted
as the entity's tolerance threshold, and when the threshold is exceeded, the entity may
experience irrecoverable damage.

2. Sequentialtextual constraint describes a sequence-based relationship, where the occurrence
of two or more distinct actions independently may not pose a risk, but when they occur in
sequence, it does. For instance, it's safe to drink or drive when they happen independently,
but when they occur in sequence (i.e., drinking rst and then driving), it becomes dangerous.

3. Relational textual constraint describes constraints on the relationships between an agent
and entities in its environment, such as maintaining a certain distance, always being in front
of that entity, or not staying too far from it.

4. Mathematical textual constraints often do not provide explicit instructions to the agent
regarding what actions to avoid, but rather present logical descriptions that demand the
model's ability to reason mathematically. This type of constraint thereby presents a higher
cognitive burden for our TTCT to comprehend.

Examples of four types of trajectory-level textual constraints are included in Table 2. Then we
randomly split the (trajectory, textual constraint) pairs i@@86training and20%test sets. And we
use the training set to train our TTCT end-to-end.

Environments: We use two environmentdazard-World-Grid andSafetyGoalas main benchmarks
and a environmeritavaWall to evaluate the zero-shot transfer capability:

1. Hazard-World-Grid. The environmentis &2 12 grid, with the gray walls surrounding
the perimeter. The agent can only explore within the grid. Inside the grid, some items
provide rewards: blue keys, red balls, and . Collecting all of these items will
be considered as completing the task. Additionally, there are hazardous materials in the
grid, where are lava, cyan tiles are water, and are grass. During
exploration, the agent can only see a rang@ of7 pixels ahead, resulting in an observation
space with siz& 7 3.

2. SafetyGoal. Robot navigation task, the environment has a navigation target, which is
completed when the robot reaches the target. The environment also contains
and Hazards (Mediumslateblue circles). The vases can be moved by the robot and
hazards are xed.

3. LavaWall. The LavaWall environment shares the same task goal as Hazard-World-Grid but
with different hazardous materials. Whenever the environment is initialized, a random lava
wall with only one entrance is generated in the grid, and the agent must learn to obtain the
reward on the other side while avoiding stepping on lava.

For each episode, we place the agent at a randomized start location, Il the environment with objects,
and randomly select a textual constraint from the constraint pool. We manually design the violation
checking function for every constraint to determine whether the environment violates the textual
constraint, and when the textual constraint is violated, the environment will provide a cost with a
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Table 2:Examples from the different trajectory-level textual constraint categories.

Constraint type Examples

Do not cross lava more than ve times.
Never reach grass more than ve times.
Please touch water less than three times.

Quantitative The vase is very fragile, please don't touch it!

If you touch the vase more than three times, the vase will break.

The lava is very dangerous. Please don't touch it.

After stepping through the water, your shoes can't touch the lava.
Sequential Once you've walked past the grass, make sure you don't set foot on

water.

After walking past lava, don't go back to the water.

You only have 20 HP, grass and lava are very dangerous, you will lose
Mathematical 3 and 2 HP respectively if you step on them, please don't die!

You only have 25 HP, stepping on grass and lava will Tose 3 and 2 HP
respectively, but water will help you regain 1 HP, please don't die!

You only have 10 HP, and stepping on dangerous water and Tava will
cause you to lose 3 and 2 HP respectively, your fate hangs by a thread.
don't let it snap!

Please keep a distance of 0.2 from dangerous chemicals or you will die!
Relational Maintain a safe distance of 0.25 from the hazard.

It's important to keep a distance of 0.3 from the hazard.

value of 1.0 to the agent and terminate the environment (the manually designed function will not be
used in the cost prediction (CP) mode, all the costs will be predicted by our TTCT in CP mode).

A.2 Baselines

(1) PPQ36]: This algorithm does not consider constraints, and simply considers maximizing the
average reward, which we use to compare the ability of our methods to obtain rewards.

(2) PPOLagrangian "PPOLage [33]: This algorithm transforms a constrained optimization
problem into an unconstrained optimization problem via Lagrange multipliers

(3) CPPCPID [39]: This algorithm PID to control Lagrange multiplier, which solves the cycle
uctuation problem of PPO-Lagrange.

(4) FOCOH89]: This algorithm nds the optimal update policy by solving a constrained optimization
problem in the nonparameterized policy space, then projects the update policy back into the
parametric policy space.

A.3 Training Detail of TTCT

We provide training pseudocode of TTCT in Figure 9. The text encoder we use iqBgrs{(
/Ihuggingface.co/google-bert/bert-base-uncased/tree/main ) [7]. And the hyperpa-
rameters we use are shown in Table 3. We use the same hyperparameters across different tasks'
datasets. We conduct the training on the machine with A100 GPU for about 1 day.

A.4 Policy Training Detail

We provide pseudocode of training policy with predicted from TTCT in Algorithm 1. To enable
the agent to comply with diverse types of constraints, we launch async vectorized environments
with different types of constrained environments during roll-out collection. The agent interacts with
these environments and collects transitions under different constraint restrictions to update its policy.
During policy updates, we ne-tune the trajectory encogjbrand text encodayf using LORA [L§]

at every epoch’'s rst iteration, while not updating encoder parameters in other iterations, which saves
training time.
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Table 3: Hyperparameters used in TTCT

Hyperparameters
Batch size 194
Epochs 32
Learning rate 10 ©
Embedding dimension of trajectody, 512
Embedding dimension of tex 512
Trajectory length 200
Transformer width 512
Transformer number of heads 8
Transformer number of layers 12
Optimizer Adam [22]

Algorithm 1 Safe RL algorithm with TTCT

1: Initialize value function network , cost value function network., policy network , trajectory
encoderg%, textual constraint encodg@, frozen trajectory encodey for cost prediction,
frozen textual constraint encodgs for cost prediction, cost alignment netwdek

2: for each epoclilo

3: for each episoddo

4: Sample a textual constraiptfor this episode

5: Get text representatidn of y with g(*:

6:

7

8

Reset environment to get observatmn
Initialize sequencey ~0Opad; @pad® @nd encoded sequence representatgn g$“ 1°

: fort 1;T do
9: Select a actiomy “o;Ht 1L
10: Execute actior; in emulator and observe rewardand next observation 1
11: Append o ;a:e into ¢ 3 to get ; and update sequence representation g$“ t®
12: Predict costt according to Equation 13
13: Store transitiodog; a;re; &; ¢+ 1;ye in buffer
14: end for
15:  end for

16: Sample batch o transitions from buffer.

17:  Encod€ N, and”y;eN; with gr, gc

18: Calculate speci ¢ loss function

19: Update value function, cost value function ¢, policy network

20:  Update trajectory encodgﬁ and textual constraint encodﬁ with LoRA
21: end for

Figure 8: A diagram illustrating the usage@f, gc andgt, g& when training policy.
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Figure 9: Pseudocode for the code of training our TTCT.
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B Additional Experiments

B.1 Violations Prediction Capability of Text-Trajectory Alignment Component

(a) Cosine similarity (after scale) (b) Ground-truth similarity

Figure 10: Heatmap of cosine similarity between trajectory and text embeddings.

To further study the ability of our text-trajectory alignment component to predict violations, we
conduct an experiment given a batch of trajectory-text pairs and we use the text-trajectory alignment
component to encode the trajectory and textual constraint, and then calculate the cosine distance
with Equation 5 between every two embeddings across two modal. We plot a sample of heatmap
of calculated cosine similarity and ground-truth as presented in 10. Further, We plot the receiver
operating characteristic (ROG][curve to evaluate the performance of the text-trajectory alignment
component as presented in Figure 11. AUC (Area Under the Cujreqlues indicate the area under
the ROC curve. The AUC value of our violations prediction result is 0.98. Then We set threshold
equal to the best cutoff value of the ROC curve. We determine whether the trajectory violates a given
textual constraint by:

es; if sim™ ;yesC;

no; otherwise

The results are shown in Table 4. These results indicate that our text-trajectory alignment component
can accurately predict whether a given trajectory violates a textual constraint.

; (14)

Table 4: Violations prediction results of text-trajectory alignment component.

Accuracy Recall Precision F1l-score
0.98 0.9824  0.8079 0.8866

B.2 Case Study of Cost Assignment (CA) Component

We visualize the assigned cost for every state-action pair to demonstrate that the cost assignment
component could capture the subtle relation between the state-action pair and textual constraint.
Our intuition is that we should assign larger costs to state-action pairs that lead to violations of
trajectory-level textual constraints, and smaller or negative values to pairs that do not contribute to
constraint violations. Using the Hazard-World-Grid environment as an example, we choose three
different types of constraints to show our results in Figure 12. The rst row shows the textual
constraint, the second row shows the trajectory of the agent in the environment, and to make it easier
to visualize, we simplify the observatian by representing it as a square, denoting the entity stepped

on by the agent at time stépThe square emphasized by the red line indicates the nal entity that
makes the agent violate textual constraint at time $tephe third row shows the predicted cost of

the agent at every time sté@nd deeper colors indicate larger cost values.

The (a) constraint isnathematical textual constraint: “You only have 20 HP. Lava and grass

are dangerous, they will make you lose 3 and 2 HP, respectively. However, water can regenerate
1 HP. Please don't die”.This constraint describes the two dangerous entities lava and grass, and

the bene cial entity water. From the third-row heat map, we can observe that our cost assignment
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Figure 11:ROC curve of text-trajectory alignment component. The x-axis represents the false
positive rate, and the y-axis represents the true positive rate. The closer the AUC value isto 1, the
better the performance of the model; conversely, the closer the AUC value is to 0, the worse the
performance of the model.

Figure 12:Case study of cost assignment component on three types of textual constrainthe

rst row of every case shows the textual constraint, the second row shows the trajectory of the agent

in the environment and each square represents the object stepped on by the agent at that time step, the
third row shows the assigned cost of the agent at each time step, and the fourth row shows the time
steps. The red line indicates the nal observation where the agent violates the textual constraint.

component assigns a high cost to the action that steps on lava or grass, with the cost increasing as the
agent approaches the constraint-violating situation. Not only that, the CA component also recognizes
the different levels of danger posed by lava and grass. Since stepping on lava will deduct 3 HP while
stepping on grass will deduct 2 HP, the CA component assigns a larger cost value at tid® siep
compared to the cost value at time s&pb5.

The (b) constraint isjuantitative textual constraint: “Lava is dangerous. Don't touch them more

than eight times!”.When stepping on the oor, the CA component considers these actions to be
safe and assigns a cost of nearly 0. However, when the agent steps onto lava, it assigns a higher
cost, especially when the agent steps on lava for the eighth time. At this point, our CA component
concludes that the situation has become extremely dangerous, and one more step on lava will violate
the constraint, thus giving the highest cost compared to the before time steps.

The (c) constraint isequential textual constraint “After you touch lava, don't step on grass!”.

Our CA component captures two relevant entities: lava and grass, and understands the sequential
relationship between entities. When the agent rst steps onto the grass, the text-trajectory alignment
component determines that this action does not violate the textual constraint. However, after the
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