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Fig. 1: We present FOREWARN, an VLM-in-the-loop policy steering algorithm for multi-modal generative robot policies.
Our key idea is to decouple the VLM’s burden of predicting action outcomes from evaluation. By predicting action outcomes
with a pre-trained latent dynamics model and aligning a VLM to reason about these latent states in text, FOREWARN can
select action plans at runtime that are most appropriate for new task contexts and user needs.

Abstract—While generative robot policies have demonstrated
significant potential in learning complex, multimodal behav-
iors from demonstrations, they still exhibit diverse failures at
deployment-time. Policy steering offers an elegant solution to
reducing the chance of failure by using an external verifier to
select from low-level actions proposed by an imperfect generative
policy. Here, one might hope to use a Vision Language Model
(VLM) as a verifier, leveraging its open-world reasoning capa-
bilities. However, off-the-shelf VLMs struggle to understand the
consequences of low-level robot actions as they are represented
fundamentally differently than the text and images the VLM
was trained on. In response, we propose FOREWARN, a novel
framework to unlock the potential of VLMs as open-vocabulary
verifiers for runtime policy steering. Our key idea is to decouple
the VLM’s burden of predicting action outcomes (foresight) from
evalunation (forethought). For foresight, we leverage a latent world
model to imagine future latent states given diverse low-level
action plans. For forethought, we align the VLM with these
predicted latent states to reason about the consequences of actions
in its native representation—natural language—and effectively
filter proposed plans. We validate our framework across diverse
robotic manipulation tasks, demonstrating its ability to bridge
representational gaps and provide robust, generalizable policy
steering. Videos can be found on the project website: https://yilin-
wu98.github.io/forewarn/.

1. INTRODUCTION

Generative imitation-based policies are an increasingly pow-
erful way to learn low-level robot behaviors from multi-
modal’ expert demonstrations [6, 14, 51]. Despite their im-
pressive ability to learn diverse behaviors directly from high-
dimensional observations, these policies still degrade in nu-
anced and unexpected ways at runtime. For example, consider

'Here, multimodality only refers to the training data’s action distribution.

the robot in the left of Figure 1 that must pick up a mug
from the table. At training time, the generative policy learns
a distribution over useful interaction modes such as grasping
the cup by different parts (e.g., handle, lip and interior, etc.)
shown in wrist camera photo in Figure 1.

However, at runtime, the policy exhibits a range of degrada-
tions, from complete task failures (such as the robot knocking
down the cup during grasping, shown in the center of Fig-
ure 1), to inappropriate behaviors that are misaligned with the
deployment context or preferences of an end-user (such as
the robot placing its gripper inside of a cup of water when
serving a guest shown in the middle of Figure 1). While a
common mitigation strategy involves re-training the policy via
more demonstrations [37] or interventions [34, 25], runtime
failures are not always an indication that the base policy is
fundamentally incapable of producing the desired behavior. In
fact, the base policy may already contain the “right” behavior
mode within its distribution (e.g., grasping the cup by the
handle), but due to putting too much probability mass on an
undesired mode, the robot does not reliably choose the correct
action plan at runtime.

Runtime policy steering [27, 47] offers an elegant solution
to this mode-selection problem. By using an external verifier
to select candidate plans proposed by an imperfect genera-
tive policy, the robot’s behavior can be “steered” at runtime
without any need for re-training. Despite the initial successes
demonstrated by the policy steering paradigm, the question
still remains of how to fully unlock autonomous policy steering
in the open world when the robot’s environment, task context,
and base policy’s performance are constantly changing.

Policy steering can be approached via the stochastic model-



predictive control framework of modern control theory, which
decomposes the optimal action selection (i.e. generation) prob-
lem of runtime policy steering into (a) predicting the outcomes
of a given action plan and (b) verifying how well they align
with user intent. However, this approach is only feasible when
a physics-based, low-dimensional dynamics model is available
for outcome prediction and a well-defined reward function
can be specified for verification. In open-world environments,
both of these requirements are challenging to fulfill due to the
complexity of dynamics modeling and the difficulty of hand-
crafting rewards to evaluate nuanced task requirements [17].

Our core idea is to leverage world models, which are well-
suited for predicting action outcomes in open world settings,
and VLMs, which have great potential as verifiers due to
their commonsense reasoning abilities, to develop a divide-
and-conquer approach to open-world policy steering. However,
doing so naively is challenging as world models and VLMs
operate on fundamentally different representations of reality.

To address this concern, we propose FOREWARN:
Filtering Options via REpresenting World-model Action
Rollouts via Narration. To predict challenging action outcomes
(e.g., interaction dynamics of a manipulator and a deformable
bag), we use state-of-the-art world models [25, 50] to pre-
dict lower-dimensional latent state representations from high-
dimensional observation-action data (shown in orange in the
center of Figure 1). To critique behavior outcomes under
nuanced task specifications (e.g., “Serve the cup of water to the
guest”), we leverage vision-language models (VLMs) [11, 29]
as our open-world verifiers (shown in green in the center of
Figure 1). Importantly, we demonstrate that aligning the VLM
to reason directly about the predicted latent states from the
world model enables it to understand fine-grained outcomes
that it cannot directly predict zero-shot nor understand from
image reconstructions. Ultimately, this alignment step enables
our “VLM-in-the-loop” policy steering approach to interpret
action plans as behavior narrations and select high-quality
plans by reasoning over those narrations even under novel task
descriptions (shown on the right of Figure 1).

We evaluate FOREWARN on a suite of robotic manipula-
tion tasks, demonstrating how it can robustly filter proposed
action plans to match user intent and task goals even when
faced with variations not seen during training. In summary,
our main contributions are:

o Formalizing runtime policy steering a stochastic model-
predictive control problem, revealing the generation-
verification gap [15, 9, 43] and where state-of-the-art
models have maximal potential to shine.

« A latent space alignment strategy that enables a VLM to
more reliably verify action plan outcomes predicted by a
low-level, action-conditioned world model.

« A novel, fully-autonomous policy steering framework that
improves a base generative imitation-based policy by over
30%, even in novel task descriptions.

« Extensive experiments in hardware showing that our
latent-aligned VLM approach outperforms (by ~ 40%)
altnerative VLM approaches that do not decouple the

prediction of outcomes from verification.

II. RELATED WORK

Generative Imitation-Based Policies. With the rise of large-
scale open-source datasets of expert demonstrations [2, 4, 5, 8,
13, 44], imitation learning (IL) has become a popular way to
learn low-level robot control policies from data. In particular,
recent advances in generative modeling have unlocked policy
architectures that can model diverse, multi-modal behaviors
directly from high-dimensional observations [6, 23, 33]. At the
same time, generative IL policies still exhibit nuanced, hard-to-
anticipate performance degradations during deployment time.
These degradations range from complete task failures (e.g.,
inability to grasp a cup, knocking it down, or dropping
it [27]) potentially due to distribution shifts or visual distrac-
tors [19, 46], to inappropriate behaviors that are misaligned
with the deployment context or an end-user’s preferences (e.g.,
placing the gripper inside of a cup filled with water during
grasping) [1]. In this work, our goal is to leverage the diverse
low-level behavior distribution that the base policy has learned,
but prevent these nuanced performance degradations at runtime
via our novel policy steering method.

Failure Detection, Monitoring & Prediction. The handling
of generative policy failures can be grouped into three broad
categories: posthoc detection, runtime monitoring, and failure
prediction. Posthoc approaches identify and explain failures
present in offline robot datasets, and have recently leveraged
Vision Language Models (VLMs) to accelerate this process
via video captioning, highlighting critical data frames, and
providing human-interpretable summaries of failures [10,
16, 26, 48]. In contrast, runtinte monitoring aims to detect
failures as they happen during robot deployment. To quickly
identify nuanced failures, recent methods propose a “fast and
slow” approach: a fast online detector flags unusual situations
(e.g., binary anomaly classifier), while a slower VLM-based
reasoner provides a deeper understanding of the event and if it
is a relevant failure [1, 39]. Although these strategies can ef-
fectively identify failures, they fundamentally require the robot
to start failing for the runtime monitor to activate. The final
category, failure prediction methods, anticipate failures before
they occur and unlock the potential for preemptive correction
of the base policy. Here, existing approaches [22, 24, 25]
often rely on out-of-distribution (OOD) detection in a latent
space or dense human labels to train a binary classifier
that distinguishes failures from successes. In this work, we
contribute to the predictive category of methods. Our method
anticipates future outcomes of the policy’s actions via a latent
world model, and reasons about the outcomes via a VLM that
is aligned with the predicted latent states.

Policy Steering. A traditional method to improve a base IL
policy is to fine-tune it with additional intervention data [25]
or recovery behaviors [37]. However, recently, runtime policy
steering has become an attractive alternative to improving a
generalist IL policy [27, 47] without needing any additional
and expensive demonstration data. Runtime policy steering



assumes that the base policy is capable of generating the
correct behaviors, but fails to select them reliably. Here, an
external verifier can be used to re-rank (i.e., “steer”) the gen-
erations towards ones with good outcomes. Previous methods
have explored humans-in-the-loop [47] or a (2-function learned
from very large offline datasets labeled with sparse rewards.
[27] as the verifier. In our framework, by using a VLM-
in-the-loop as our verifier, we can perform policy steering
autonomously after finetuning VLM on a small dataset and
provide human-like interpretable guidance.

Learning to Search. From an algorithmic perspective, our
approach fits within the paradigm of learning to search (L2S)
[31]. In L2S, one learns the components required to, at test
time, plan a sequence of actions, rather than merely imitating
what was in the training data. L2S provides two key advan-
tages over direct imitation algorithms like behavioral cloning.
First, the agent gains the ability to reason about the conse-
quences of its actions and potentially recover from mistakes,
avoiding compounding errors [35, 41]. We see this manifest
in our system’s ability to avoid or correct from failures the
base policy would have produced otherwise. Second, verifying
whether a plan is good is often easier to learn than generating
a good plan in the first place [43, 28]. We see this manifest in
the fact that our system only requires a limited amount of data
to fine-tune our verifier VLM, rather than the larger amount
of data an end-to-end approach would have required [38].

In contrast to more classical L2S approaches that require
extensive global search in the real world [31, 52], we instead
perform local search [3] against a learned verifier [42, 12]
inside a learned world model [32]. This allows us to avoid
the computational expense of global search and the potential
safety violations incurred by real-world interaction. As argued
by [42, 32], doing so still matches many of the guarantees of
classical L2S methods if one fits the world model on a mixture
of on-policy and off-policy trajectories (i.e., in a hybrid fashion
[40, 45]), as we do consistently across all of our experiments.

III. PROBLEM FORMULATION

We formalize the general problem of policy steering as a
stochastic model-predictive control problem over the set of
action plans proposed by a base action generation model.

Setup & Notation. Let the robot’s pre-trained multimodal
imitative action generation model [6, 23] be denoted by
m(a: | 0;). We will often refer to this model as the robot’s
“base policy” throughout this paper with which it performs a
task for an end-user. The robot’s observations o € O : =7 x Q
combine RGB image data I € 7 and proprioceptive states
q € Q (e.g., end-effector pose, gripper state), and a; := a4 17
denotes a robot’s T step action plan, with each action in
the sequence specifying end-effector positions and rotations.
Similarly, 0; := o¢.+17 18 an observation sequence. In the real
world, after observing some o;, generating some action plan
as ~ m(- | 0;) and executing it open-loop, the robot observes
a sequence of observations oz ~ P(-|os, ay).

Problem. Given the robot’s current observation o; at timestep
t and K i.id. samples from the base policy, {ai} X | ~ 7(a; |
0t), the policy steering problem seeks to return the action plan
a; which optimizes the following objective:
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Fundamentally, solving the (behavior) generation problem
specified in Eq.1 requires two abilities: prediction and veri-
fication. The prediction problem can be clearly seen in the
expectation of Eq.1, wherein we have to forward simulate the
outcomes of any action plan a} and “imagine” the potential
future observations, o; ~ P(0; | 04, a}). The verification prob-
lem lies inside of the expectation and with the reward function
R(o04;2). Here, £ € L is the task description, represented via
a language description (e.g., “Serve the cup of water to the
guest.””), and I? verifies how well or how poorly the future
observations align with the behavior specified by /.

While Eq.1 characterizes the underlying policy steering
problem, it is extremely challenging to solve end-to-end be-
cause of the coupled prediction and verification steps. This
is where we seek to leverage vision-language models in-
the-loop to obtain a practical solution with the potential to
generalize to new environments and hard-to-model steering
criteria. Initially, it may be tempting use the VLM directly
as a black-box solver of Eq.1 (i.e. to solve the overarching
behavior generation problem) by simply passing it the K
action plan options, the current observation o, and the task
description £, and having it directly return aj. However,
low-level action data is beyond the training distribution of
current VLMs, which primarily focus on high-level semantic
understanding and not embodied control [21]. Alternatively,
we could fine-tune the VLM to directly select action plans
via labeled observation-action-samples datasets (labeled with
optimal action trajectories). However, this strategy is sample-
inefficient, requiring extensive embodied rollouts and human
annotations to generate labels. Instead, we propose tackling the
problem in Eq.1 in a way that leverages the unique strengths
of a VLM. We hypothesize that the right place to put VLMs
into the loop is specifically in the verification step above, as it
leverages the model’s strong reasoning abilities given predicted
outcomes. Then, to complement the VLM, we propose that
prediction should be handled by an embodied world model that
can reason about hard-to-model outcomes directly from low-
level actions. It is well known that verification is significantly
easier than generation for many problems [9, 43], boding well
for the sample-efficiency of our modular approach.

IV. OUR APPROACH: FOREWARN

Our key idea is to adopt a divide-and-conquer strategy,
explicitly decoupling the VLM’s burden of predicting action
outcomes from evaluation during policy steering. Specifically,
we take advantage of recent advances in latent dynamics
models [25, 50] which can learn lower-dimensional latent state
representations from high-dimensional observation-action data
collected on a robot. By passing possible action generations
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Fig. 2: Training FOREWARN. In part A (Sec. IV-A), a Recurrent State Space Model (RSSM) is pretrained to learn good
latent embeddings of the dynamics conditioned on the observations and actions. In part B (Sec. IV-B), the sequence of learned
latent embeddings is projected through a linear layer to the text embedding space, similar to the original vision token processing
in the Llama-3.2 Model. The projection layer and Llama model are finetuned together using LoRA [20], but the world model

remains frozen.

to the latent dynamics model, we can efficiently predict
diverse future outcomes that would hard to model otherwise.
Importantly, even though the world model learns a latent state
that is an approximate sufficient statistic of the dynamics, one
still needs to teach the VLM to evaluate outcomes in the latent
representation of the world model, rather than from the raw
image observations, as we will address in detail below.

At the highest level, our mathematical formulation of
model-predictive “VLM-in-the-loop” policy steering is:

a; = arg max

mecise Bafozean By (256),

2t = 5¢)(0t)a

where zy11 ~ f4(z,a:) is a probabilistic latent dynamics
model, z; := zy.4o7, €5 : O — Z is an observation encoder
that maps the robot’s current observations o, into a latent space
2, and RY™(z; ) represents an implicit reward function
embedded in our VLM (parameterized by 1) which evaluates
the predicted outcomes given the task description. Both fy
and &4 are part of our world model and parameterized by ¢.
In short, to realize our idealized policy steering objective (1),
we approximate the expectation over future outcomes with
world model rollouts and leverage a fine-tuned VLM as a
latent-outcome-conditioned verifier, leading to (2). We call
our overall policy steering approach FOREWARN: Filtering
Options via REpresenting World-model Action Rollouts as
Narration, visualize it in Figure 1, and now discuss the details.

(2)
S.L.

A. Foresight: Predicting Outcomes via Latent World Models

In this work, we adopt the Dreamerv3 world model [18§]
as our mechanism for predicting future outcomes of ac-

tion plans. This world model (visualized on the left in
Fig. 2) is pre-trained via an offline dataset that contains
trajectories of the robot’s observations and actions: Dwy =
(o, a2 ;\4 1» where M is the total number of trajecto-
ries with each trajectory representing the robot’s outcome og: I
induced by an action plan @} ;;, and H denotes the length of
these trajectories. The training data consists of both successful
and failed rollouts from the base policy 7(a | 0) and additional
demonstration data. This allows the world model to accurately
predict the outcomes of both good and bad actions plans, a
sufficient condition for successful behavior generation [32].
The world model training loss incentivizes the latent state
to be informative for high-quality image decoding as well as
highly predictive of the next latent state given an action (see
[18] and Appendix A2 for more details). After training, the
world model is frozen, and we utilize the trained £, and fy
throughout the rest of our policy steering algorithm.

B. Forethought: Latent-Text Alignment for Outcome Reason-
ing and Policy Steering

Once the world model encoder &, leamns an effective
low-dimensional latent state representation z; and the latent
dynamics model fy learns to predict future latent states
conditioned on the robot’s actions, we can shift our focus
to evaluating the imagined outcomes of any candidate low-
level action plan. We hypothesize that the VLM’s open-world
reasoning capabilities could allow it to be an effective verifier
here, enabling better decision-making downstream.

However, before we can unlock the potential of the VLM as
a verifier, we need to first enable the VLM to reason directly
about the predicted latent states (rather than in terms of raw



image observations). We propose approaching this problem
as a latent-text alignment problem: by mapping latent states
generated by the world model to a textual representation, we
can enable the VLM to more easily evaluate plans due to
its strong natural language understanding abilities. We then
further frame this alignment problem as a visual question-
answering (VQA) task, where we prompt the VLM to narrate
the real-world behavior of the robot conditioned on a sequence
of latent states produced by the world model (visualized on
the right of Figure 2). We now discuss this process in detail.

VLM Backbone. We use the Llama-3.2-11B-Vision-Instruct
model [11] as our VLM backbone. The original Llama model
utilizes a Vision Transformer (ViT) to tokenize visual inputs
into latent tokens, which are then processed by the LLM
backbone to generate text outputs. In our setting, we adapt the
Llama model by replacing its observation (image) tokeniza-
tion module with our world model’s encoder £; and latent
dynamics model fg. To align the latent dynamics embedding
space with the text embedding space, we introduce a linear
layer as an adapter. Specifically, £, encodes the current robot
observation, and the forward dynamics model f, predicts
future latent states based on a candidate action plan (left side
of Figure 2). These latent states are passed through the linear
layer to produce a sequence of latent tokens, which serve as
input to the LLLM backbone (right side of Figure 2).

VLM Finetuning. Our objective is to enable the VLM to
narrate the real-world behavior of the robot, denoted as Eé,
based on a sequence of generated latent states, z;,,, - from the
world model. These behavior narrations highlight fine-grained
motion details (e.g., “the robot grasps the cup by the handle”)
rather than the high-level semantics of the motion (e.g., “the
robot grasps the cup”). This design encourages the model to
capture nuanced behaviors and identify potential failures in
the robot’s predicted outcomes. We construct a VQA dataset
to finetune the VLM to achieve this objective (described in
Sec. V and App. A3).

VLM-In-the-Loop Policy Steering. Our fine-tuned VLM can
now describe the outcomes of candidate action plan in natural
language narration. However, our ultimate goal is to query the
VLM to identify the best action sequence. To accomplish this,
we propose querying the same VLM again (i.e. using it as a
verifier), leveraging its open-world reasoning capabilities and
natural language understanding to select the best action plan.
Mathematically, policy steering can be expressed as:
a; = arg max

S, B [ RE (T 0 0:0)
ArC1A =1

S.t. Zy — 5¢)(0t)
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where 7" : ZT — L, denotes the inference process that
translates a candidate action plan into the associated robot
behavior narration. Instead of instructing the VLM to explicitly
assign the reward for each predicted action plan outcome,
we leverage its implicit knowledge about the reward and
directly query the VLM for the best action plan among the

K candidates, conditioned on the task description ! (see the
example in right side of Figure 1), which can be seen as a
form of multiple-choice question answering (MCQA).

In summary, by integrating the predictions from the world
model with the VLM’s open-vocabulary behavior narration
generation and commonsense reasoning, FOREWARN guides
the robot towards action plans that are aligned with the
deployment context and task goals and enables the robot to
proactively prevent failures.

V. EXPERIMENTS

In this section, we instantiate several real-world manipu-
lation tasks to study our method. We first investigate how
effectively we can translate low-level actions into high-level
behavior descriptions (Sec. V-A).Then we evaluate the closed-
loop policy steering performance as well as our method’s
robustness to novel task descriptions, ¢ (Sec. V-B).

Real Robot Setup. We use a Franka Emika robotic ma-
nipulator equipped with a 3D printed gripper from [7] in
our experiments. The base generative policy controls the low-
level robot actions (which are the robot’s end-effector pose
and gripper opening) controlled at 15Hz. The robot uses
RGB images from a wrist-mounted camera and a third-person
camera mounted in front of the robot. See App. B1 for more
details.

Manipulation Tasks. We consider three real-world robot ma-
nipulation tasks that exhibit underlying multi-modal behaviors,
hard-to-model outcomes, and nuanced failures. In the Cup
task, the robot must grasp a cup placed in front of it and in
the Bag task, the robot must pick up a bag of chips from
the table. Fundamentally, both tasks can be accomplished in
diverse ways: for example, for the Cup task, the robot can pick
up the cup by the handle or by placing its fingers inside the cup
by grasping the lip; for the Bag task, the robot can grab the bag
by any edge, or by squeezing the center. Furthermore, the Bag
task has more challenging dynamics and potential outcomes
because the bag is deformable. We use this task to study how
our framework performs when faced with harder-to-predict
interaction outcomes and nuanced failures (e.g., crushing the
chips inside the bag).

We also introduce a third task that features longer horizon
and more complex interactions Fork-to-Bowl Transfer. In this
task, the robot must pick up a fork from the table and place
it inside a bowl. This task is considerably more challenging
than the other two tasks for three reasons: 1) it requires
longer-horizon planning to effectively navigate distinct phases;
2) requires reasoning about interactions between objects (the
fork and the bowl); and 3) it introduces different multi-
modal motion choices, including selecting the optimal picking
location (tines or handle) and determining the appropriate
placement strategy (inside versus outside the bowl, low versus
high release). In the top row of Figure 3, we visualize the
camera observations of the robot interacting with these items
for Bag and Cup tasks.



Base Policy. For our multi-modal imitative action generation
model, 7(a; | o), we use a Diffusion Policy [6] trained on 100
teleoperated demonstrations per task. The policy takes inputs
from wrist and third-person cameras, along with propriocep-
tive states, to predict a distribution over 7'-step action plan,
where T' = 64. Please see App. Al for more details.

World Model Training. We collected 250 real-world trajecto-
ries per task, including both successful and failed rollouts from
the base policy, along with additional 100 demonstrations used
in base policy, for training and evaluating the world model
(300 for training and 50 for testing). The world model is
trained to predict T' = 64 future latent states given the current
0; and an action plan a;.

VLM Fine-tuning. We construct our VQA dataset for
fine-tuning from the same offline dataset, Dy, used to
train the world model. For each T-step trajectory snippet
{(0%,a}tCT from the dataset, the encoder &, processes the
initial observation of at timestep ¢, and the forward dynamics
model _f¢ predicts latent states z], | based on the action
plan af, ,p- We note that in our specific implementation,
although f, is a stochastic dynamics function, we use only
the most likely prediction as the outcome associated with the
action plan. To avoid “semantically repetitive” latent states
between adjacent low-level actions, we downsample the T-
step latent states to T/4. These downsampled latent states,
along with the task description ¢, are provided as input to the
VLM, and we manually annotate the corresponding behavior
narrations, £, € L, for the associated observations oi:t - We
fine-tune the model using the Low-Rank Adaptation (LoRA)
technique [20], keeping both the encoder £, and the latent
dynamics model fy4 frozen during the fine-tuning process.

VLM-In-the-Loop Policy Steering. When deploying

for run-time policy steering, we begin by sampling 100
action plans from the base policy and aggregating them into
K = 6 modes using the non-maximum suppression (NMS)
scheme from [36]. These 6 aggregated action plans are then
passed to for interpretation and evaluation. For
each candidate action plan, we use only the most likely future
latent state predictions from fg as input to the VLM for
reasoning.

A. From Action Rollouts to Behavior Narration

As discussed in Sec. IV-B, if we want to use the VLM
as an open world verifier )" (-;¢), we need to enable the
model to understand the underlying textual representation of
low-level action outcomes. In this section, we study if our our
latent-aligned VLM can accurately describe the outcomes of
low-level actions. We also compare our approach with several
baselines to investigate the advantages of using an explicit
world model for predicting action outcomes and decoding a
robot’s action plans into behavior narrations.

Baselines. We compare our approach, , against
four baselines (more implementation details provided in
App. A4). (1) FOREWARN-Oracle, is an upper-bound on

our method’s performance assuming that we had access to
ground-truth future observations (instead of relying on the
latent dynamics fy to predict future outcomes). This method
uses the encoder £, on ground-truth future observations to
get privileged (posterior) future latent states z;; T as in-
put for the VLM. (2) , which directly fine-tunes
the original Llama-3.2-11B-Vision-Instruct model to generate
behavior narrations end-to-end from the current observation
o; and an action plan a;.7 (represented as text), without
explicitly predicting outcomes. (3) VLM-Img, which utilizes
the decoded world model’s predictions (i.e., the predicted
future visual observations) given a robot’s planned actions. We
use GPT-4o [29] to process the predicted visual observations
and generate behavior narrations in a zero-shot manner. (4)
VLM-Img-Oracle, which is similar to VLM-Img but is an
upper bound on this method by using ground-truth visual
observations instead of predicted ones.

Metrics. We adopt the metrics from [10] to evaluate the align-
ment between predicted behavior narrations and ground-truth
narrations: (1) LLM Score: A similarity score (ranging from
0 to 1) determined by the GPT-40 model. (2) GT Accuracy:
A binary score (0 or 1) indicating whether the predictions
match the ground-truth narrations, as determined by a human
labeler (in this case, the authors). For further details on the
motivation behind using these metrics for evaluation, please
refer to App. B3.

GT Accuracy T
Cup Bag
0924002 0774003
0.8710.02  0.751+0.03
0374003 0361006
0614004 0434003
03610.05 0331004

LLM Score T
Average Cup Bag
0.85+0.03 | 0.861+0.01 0.76+0.03
0.82+0.03 | 0.82+0.02 0.72+ 0.02
0374005 | 0.5240.05 0.5040.07
0.5240.04 | 0.6540.02 0.62+0.02
0354005 | 0.56+0.03 0.60+0.04

Average
0814002
0.764-0.02
0.514-0.06
0.6440.02
0.5840.04

FOREWARN-Oracle
(Ours)

VLM-Img-Oracle
VLM-Img

TABLE I: Alignment Between Predicted Behavior Narra-
tions and Ground-Truth Narrations. outper-
forms all baselines across both tasks and achieves performance
comparable to FOREWARN-Oracle, which has access to
ground-truth action outcomes and represents the upper bound
for our approach. We use 50 rollouts to evaluate the perfor-
mance. For , FOREWARN-Oracle and

, the mean and standard deviation are reported by running
3 seeds for the finetuning experiments while VLM-Img and
VLM-Img-Oracle, report 3 queries of GPT-4o.

Results: On the Value of Explicit Action Outcome Pre-
diction. Table I presents the GT Accuracy and LLM
Score for our approach and each baseline. The results are
averaged across 30 test rollouts for each task. The results
show that performs poorly, achieving less than
50% GT Accuracy across all tasks. This underperformance
is due to its inability to interpret low-level actions without
the grounding provided by a world model’s future outcome
predictions. In contrast, , which leverages an
explicit world model, outperforms by over 50% on
every task, despite both being fine-tuned on the same dataset.
These results demonstrate that decoupling the VLM’s burden
of predicting action outcomes enables the model to produce



Cup Task

Bag Task

Prompt: The robot aims to grasp a cup from the table. Please provide a sentence that best
describes the robot’s behavior.

FOREWARN-Oracle: The robot is trying to pick up the mug by its inner surface.
FOREWARN (ours): The robot works on seizing the cup through its interior.

: The robot attempts to grab the mug_
VLM-Img-Oracle: The robot successfully grasps the mug “
VLM-Img: The robot successfully grasps the mug n

Prompt: The robot aims to grasp a bag of chips from the table. Please provide a sentence
that best describes the robot’s behavior.

FOREWARN-Oracle: The robot grips the chip bag with a firm hold on the middle.
FOREWARN (ours): The robot grips the chip bag directly in the middle.
v : The robot holds the chip bag _
VILM-Img-Oracle: The robot successfully grasps the chip bag m
the edge of the bag of chips

VLM-Img: The robot successfully grasps with its gripper.

Fig. 3: Examples of Behavior Narrations Predicted by Each Approach. The top row displays the ground-truth robot
observations and the prompt used for querying VLMs. Only FOREWARN and FOREWARN-Oracle consistently produce
accurate outcome narrations, effectively capturing nuanced motion details. In contrast, the baselines frequently hallucinate or
fail to capture critical contact details between the gripper and objects. For instance, in the Bag task, VLM-Act, VLM-Img,
and VLM-Img-Oracle all hallucinate that the robot is grasping the edge of the bag, whereas it is actually grasping the middle.

more accurate outcome narrations than directly training the
VLM to both predict outcomes and generate narrations end-
to-end.

Results: On the Value of VLM Fine-Tuning. Interestingly,
despite being among the most advanced VLMs, both VLM-
Img and VLM-Img-Oracle struggle to accurately interpret
robot behaviors directly from visual observations, even with
access to ground-truth observations. As shown in Table I,
these methods fall behind FOREWARN by at least 30% in
GT Accuracy and 16% in LLM Score. These results show
that existing state-of-the-art VLMs struggle to decode fine-
grained motion details from video observations, underscoring
the importance of fine-tuning for improved performance in
such tasks.

Results: Qualitative Examples. In Figure 3, we visualize be-
havior narrations generated by our approach and the baselines.
FOREWARN consistently produces more accurate outcome
narrations, effectively capturing nuanced motion details. In
contrast, the baselines often hallucinate or fail to capture
critical contact details between the gripper and objects.

B. Policy Steering for Open-World Alignment

The results from the previous section demonstrate our
approach’s effectiveness in decoding predicted latent states
into nuanced behavior narrations by explicitly using a world
model for outcome prediction. In this section, we compare
our approach against several baselines to evaluate its system-
level policy steering performance and robustness under novel
task descriptions and specifications. Our experiments focus
on evaluating the impact of leveraging the VLM as both an
interpreter and evaluator of predicted action outcomes.

Baselines. We first keep the VLM’s role as the verifier
unchanged and ablate the effect of using an explicit world
model to predict action outcomes. Specifically, we compare

Fork Task (Phase 1) Latent outcome decoding & policy steering

Prompt: The robot #ims to grasp the fork from the table.
Please provide a sentence that best describes the robots

behavior. <Latent Token> T

Pass latents
o VLM

-
.I

Imagination

The robot fails to grasp the fork.

Prompt: Now the robot need to

the fork for eating, Please select the best action plan
.[omitted] {Behavior Narration,
FOREWARN:
@®  the chosen mode i 1 because it fulills the
nla | o) vip | tesk condition of maintaining sanitation

Sample sctions l

2111 BI'LE

tysT Resl ime

L S T fral
HetkiTasks {Phsse 2/ Latent outcome decoding & policy steering
Sample actions Prompt: The tobot aims to place the fork in the
(@t | 0z47) bowl. Please provide a sentence that best describes
Execute  the robots behavior. <Latent Token> , T
| actions FOREWARN:
€n ‘ () The repot s i e e
The robot places the fork inside the bowl.

fails to put the wl,
. , L Prompt: Now the robot need to maintain the sanitation of
the fork for eating, Please select the best action plan

[ommed]{BehavmrNanaLmn) .

without touching the tines of the fork.

Execute actions Reasoner

I.magina(inn

..

Pass latents
to VLM

FOREWARN:
The chosen mode is 6 because it s the only

VIM  option that

Reasoner

Fig. 4: Policy Steering: Fork Task. We visualize the steering
process for the Fork task including two phases (Pick and
Place). For each phase, we visualize the imagined T'-step
rollouts decoded from the world model for the 3 out of 6
action plans sampled from the base policy on the left. On
the right, we show the behavior narrations generated from our
finetuned VLM TJLM and the VLM’s reasoning RXLM(;E)
about the outcomes based on the task description ¢ and
behavior narrations to select the best action plan to execute.
The time axis shows the real-world execution of the selected
behavior from the perspective of the wrist-camera.

FOREWARN to VLM-Act (described in subsection V-A),
which directly fine-tunes the original Llama model to predict
action outcome narrations without utilizing a world model.
Similar to our approach, VLLM-Act then queries the VLM to
select the best motion plan based on the task description [.



Next, we keep the world model unchanged and ablate the
effect of alignment: mapping latent states generated by the
world model to their underlying textual representation that the
VLM can easily reason about.
We compare our approach against two more baselines: (3)
, which also leverages a world model
for outcome predictions and a VLM for action plan selection.
However, instead of decoding the predicted outcomes into text
representations and leveraging the VLM’s open-world knowl-
edge for policy steering, it directly fine-tunes the VLM to
predict a set of indices of the successful candidate action plans
and randomly selects one index from the set to execute the
corresponding action plan. (4) Classifier-Dyn-Latent, which
is similar to , but instead of relying
on a VLM, it directly takes the predicted latent embeddings
Zt.++7 as input and trains a transformer-based binary classifier
(commonly used in prior failure-prediction work [25]) to
predict success or failure for each candidate action plan and
randomly selects one predicted to succeed.

Metrics. We evaluate each policy steering method using the
Success Rate. For each method, we conduct 20 trials with
randomly initialized task configurations and report the average
success rate across these trials. A trial is considered successful
if the robot successfully completes the task while aligning with
the end-user’s preferences.

Success Rate T

Method Training Task Description
Cup Bag Fork Cup Bag Fork
0304014 02040.13 0.104+0.09 | 0.50+0.16 040+0.15 03040.14
0.804+0.13 0.70+0.14 0.701+0.14 | 0.80+0.13 0.70+£0.14 0.6010.15
0.804+0.13 04040.15 0.5040.16 | 0304+0.14 040+£0.15 03040.14
0.804+0.13 0.70+0.14 0.701+0.14 | 0.00+0.00 010£0.09 02040.13

0.40+0.15 0204£0.13 02040.3 | 030£0.14 05040.16 020£0.13

Novel Task Description

Base Policy

(Ours)

Classifier-Dyn-Latent

TABLE II: Policy Steering. The success rate is reported by av-
eraging over 20 different rollouts. outperforms
all the baselines in both training and novel task contexts.

Results: Policy Steering Performance. We first evaluate our
approach and the baselines under task descriptions ¢ that fall
within the training distribution. Table II shows the success
rates of the base robot policy (without policy steering), our
approach ( ), and the baselines for each task. Our
results demonstrate that can effectively steer the
policy towards safe and aligned behavior modes by leverging
the VLM as an interpreter and evaluator of predicted latent
action outcomes.

Interestingly, Classifier-Dyn-Latent achieves comparable
performance to our approach in all tasks under this setting
while fails to match
in more complicated Bag and Fork tasks. has
similar performance as base policy because the behavior
narrations, directly generated from low-level action sequences,
fail to capture accurate motion details and thus provide no
useful signal for VLM to steer the policy. Next, we assess
their generalization abilities under novel task descriptions to
evaluate the robustness of our approach.

Results: Robustness to Novel Task Descriptions. We
evaluate the success rate of each approach when the task
description is altered to introduce novel scenarios. Specifically,
in the Cup task, we modify the original task description from
“Please grasp a cup from the table and serve the cup of water
to the guest” to a novel description: “Please grasp a cup from
the table, but note that the handle is covered with oil.” This
change makes behaviors where the robot grasps the cup by the
handle unsafe, while grasping the cup by the rim becomes the
desired behavior. In the Bag task, we modify the original task
description from “Please pick up a bag of chips from the table
and minimize the contact region to avoid crushing contents
inside” to a novel description: “Please pick up a bag of chips
from the table and maximize stability without dropping the
bag.” This change makes behaviors where the robot picks up
the bag by the corner less preferred, as the bag may slip from
the gripper, while squeezing the middle of the bag to secure
it becomes the desired behavior. In the Fork task, we modify
the original prompt from ”Please pick up the fork and place it
in the bowl while maintaining the sanitation for eating.” to a
novel description: “Please pick up the fork and place it in the
bowl while maximizing the contact region during grasping.”
This change makes the behaviors where the robot picks up the
handle and drop the fork high less preferred as the fork handle
is more narrow than tines and dropping high can make fork
fall out of the bowl while grasping by tines is more secure.

Interestingly, while both and
Classifier-Dyn-Latent improve task success rates when task
descriptions fall within the training distribution, their perfor-
mance deteriorates significantly with novel task descriptions.
This indicates that the VLM struggles to reason directly about
predicted action outcomes from the world model’s latent states
and essentially degrades to a traditional end-to-end model. To
fully leverage the VLM’s open-world reasoning capabilities
for generalized policy steering, it is essential to enable the
model to interpret predicted action outcomes through textual
representations.

Results: Qualitative Examples. In Figure 4, we present
examples of runtime policy steering using our approach for
the Fork task and additional examples for Cup and Bag tasks
are included in Appendix B2. consistently
demonstrates superior performance by selecting motion plans
that align with task descriptions and user preferences, even
in scenarios with novel task specifications. In contrast, the
baselines either fail to interpret action outcomes effectively, re-
sulting in unsafe behaviors, or experience severe performance
degradation in novel task specifications.

Results: Out-of-distribution Generalization. Table II has
shown our system’s robustness to novel task descriptions.
Moreover, we further test our system’s generalization capa-
bility by adding variations in the environment. Specifically,
we study the variations in object appearances including colors
and sizes and variations in background. Among the six tested
scenarios shown in Fig 5, our method can generalize to those
variations with small performance drop.



Cup Task Bag Task

Fork Task

00D -background

Fig. 5: Generalization to Environmental Changes. For each
task, we test our method against similar objects of different
colors and sizes and also change the table cover to test the
system against background variations.

Results: Policy Steering Speed. Our system queries the
VLM twice to first generate behavior narrations and then
select the best action plan. The overall inference time is 3.7
seconds among which the generation of behavior narrations
for 6 candidate action plans takes 1.3 seconds. In comparison,
VLM-Act takes 22.0 seconds in total for VLM inference
and behaV10r narration runs 19.7 seconds, much slower than

i ' \, partially due to the usage of token per patch
in images rather than a single token per state (image) like

) \. Additionally, our world model and VLM com-
municate dlrectly in latent space, avoiding image decoding
from world model and encoding from VLM, which could
further speeds up inference.

Time (Seconds) |
Method
‘World Model Prediction|Behavior Narration|Evaluation|Total
EW! 0.1 13 3.7
23
VLM-Act 19.7 22.0

TABLE III: Inference time for the Policy Steering System.
Inference time for each component in the system (averaged
across 3 runs) shows that greatly reduces the
time to generate behavior narrations from our modified VLM
compared to VLLM-Act.

Supplementary Experiments & Analyses. To provide an
in-depth analysis of our approach, we performed additional
studies on the impact of each component on the overall system
and a detailed comparison with baselines. We also showcase
an additional application of our system as a runtime monitor
which returns if a single action plan is good or bad, opening up
potential future directions for soliciting supervisor assistance.
All these experiments can be found in App. B2.

VI. LIMITATIONS

While FOREWARN exhibits strong policy steering across
diverse task settings, it is not without limitations. First, it
assumes base policy is sufficiently competent—i.e., already

containing the correct behavior. Future work should investigate
how to detect if none of the policy’s generated action plans
are suitable for the deployment context, and how to improve
the base policy via targeted fine-tuning data.

A second limitation lies in modeling real-world interaction
dynamics. Our component-level analysis in App. B2 revealed
that our system’s primary failures stem from the world model’s
imprecise “imagination”, exacerbated by our limited training
data. More advanced visual features (e.g., DINO features [30])
might improve the world model’s robustness to visual dis-
tractors. Ongoing research on large-scale, generalizable world
models [49] for manipulation may also inform future extension
of this framework.

Another bottleneck of the current system is the inference
overhead, a common challenge for large autoregressive models
like LLMs and world models. Some approaches to this include:
1) hierarchical decomposition of FOREWARN running high-
level reasoning at low frequency while maintaining low-
level control at high frequency like the common practice of
hierarchical Vision Language Action Models (VLAs), 2) using
advancement in quantization and caching techniques, 3) distill-
ing our latent-aligned VLM into a model with smaller size, 4)
strategically allocate inference time by identifying keypoints
when it is “worth” reasoning for longer or deliberately.

Finally, our VLM is built upon an open-source LLama-3.2-
11B-Vision-Instruct model, whose visual reasoning capabili-
ties lag behind its language-based commonsense reasoning. A
stronger backbone could yield higher-quality behavior descrip-
tions, especially if it excels at video captioning tasks.

VII. CONCLUSION

In this work, we investigate the problem of policy steer-
ing for multi-modal generative policies. We propose a novel
framework FOREWARN that unlocks Vision Language Mod-
els (VLMs) to serve as open-vocabulary verifiers for run-time
policy steering. Our method decouples the steering problem
as future prediction (foresight) and outcome assessment (fore-
thought). Through an explicit world model and a latent-space
alignment strategy, we enable VLMs to reason about sensori-
motor data using natural language. Our experiments across
diverse manipulation tasks confirm that FOREWARN not
only provides interpretable and reliable failure detection, but
also significantly enhances policy success rates through flexi-
ble, generalizable steering. These results highlight the promise
of combining learned dynamics models with language-based
reasoning to improve test-time performance of robot policies.
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