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Abstract—A robot can complete its task while still causing
side effects: unintended changes to the environment that are
unrelated to the goal. For example, a robot may successfully open
a drawer while knocking over nearby objects, undoing previously
completed subtasks, or altering the environment in ways that
incur downstream failures. This makes side effects difficult to
address with conventional failure or anomaly detection: they
often occur during otherwise successful execution, and by the
time a failure signal appears, the unintended change may already
have occurred. In this work, we study side effect prediction for
robotic manipulation, aiming to anticipate unintended changes
before they occur, so the robot can stop, resample, or defer to
a human. We first introduce a taxonomy that organizes side
effects in manipulation settings. We then present a simple solution
towards capturing side effects: training a side effect critic, ini-
tialized from a pre-trained vision-language action (VLA) model,
that predicts whether given action chunks will cause a side effect
before the actions are executed. Across simulation and real-world
experiments, our VLA-initialized side effect critic outperforms
vision-language models, both zero-shot and finetuned, as well as a
representative runtime failure-detection baseline. We further find
that robot data pretraining in the critic’s backbone improves side
effect prediction, indicating that understanding actions is central
to the task.

I. INTRODUCTION AND RELATED WORK

As robots are deployed in increasingly open-ended environ-
ments, humans expect them not only to complete their assigned
tasks but also to avoid unintended consequences of their ac-
tions. However, conventional task-success metrics in robotics
are agnostic to such unintended consequences: a trajectory can
be labeled successful while still producing undesirable changes
elsewhere in the scene. For example, a warehouse robot may
correctly assemble a new pallet while accidentally removing an
item from a previously completed order. Similarly, a household
robot may water plants while knocking over a nearby vase. We
refer to such unintended, task-irrelevant consequences as side
effects. This raises the central question we study: can a robot
predict side effects before they happen, so it can prevent them
while still completing the task?

Side effects have long been studied in the AI safety
literature. Amodei et al. [2] frame side effects as arising
from objective functions that are indifferent to parts of the
environment outside the task, and propose impact regularizers
as a mitigation. Subsequent work has developed measures of
side effects based on deviations from counterfactual trajec-
tories [12], reversible state transitions [9], attainable utility
preservation [20], and planning frameworks that explicitly
reason about non-Markovian side effects [19]. Much of this
literature studies side effects in simple, discrete environments

and reinforcement learning settings [21, 14]. In contrast, we
study side effects in real-world robotic manipulation, where
agents must reason over high-dimensional observations, con-
tinuous actions, and more complex physical interactions with
the environment.

In robotics settings, similar work studies safety / task failure
in robot deployment, which does not directly address side ef-
fects. Runtime monitoring methods such as FAIL-Detect [22],
FIPER [18], and Sentinel [1] focus on identifying task failures,
out-of-distribution behavior, or anomalous policy execution.
Human-in-the-loop systems further combine failure detection
with selective human feedback to improve deployment safety
[3, 15]. These approaches are complementary to our work, but
they are primarily designed to determine when a robot is close
to failing a task rather than to predict whether a sequence of
actions may produce an unintended consequence downstream.

There are two key challenges in side effect prediction.
First, side effects must be predicted before execution: by the
time a robot has knocked over an object, undone a previous
subtask, or manipulated the wrong object, the unintended
change has already occurred. Second, side effects depend on
the physical consequences of future actions, not only on the
current scene. Recent vision-language models (VLMs) are
therefore a natural starting point, due to their rich visual
priors, and are commonly used in robotic failure detection
model backbones [8]. However, VLMs are primarily trained
on image-text data, so they may not capture how robot
actions transform the world. Vision-language-action (VLA)
models, in contrast, are pretrained on robot trajectories and
learn action representations from robot experience. Our key
insight is to use such a VLA backbone, which is better-
trained for predicting robot action outcomes, as the basis for
a side effect critic, allowing the model to score proposed
action chunks before execution. Across simulation and real-
world experiments, we find that stronger robot-data pretraining
results in more effective side effect prediction.

In summary, we make the following contributions:
• We introduce side effect prediction for robotic manipula-

tion, and present a taxonomy of side effects.
• We propose the side effect critic, which scores candidate

action chunks to predict side effects before execution,
built on a robot-pretrained VLA backbone.

• We show that the side effect critic outperforms state-of-
the-art VLMs and a runtime failure-detection baseline in
both simulation and the real world, and that robot data
pretraining of the backbone improves prediction.
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Fig. 1: Side effects the critic must anticipate. In each example, the robot successfully completes the commanded task but also produces
an unintended change misaligned to the goal. The green arrow traces the action that achieves the commanded task instruction, while the
red arrow traces the side effect that occurs alongside it. In Wrong Goal, the robot correctly places the red block in the target region but
also moves the green block into the wrong region. In Nullify Previous Goal, the robot achieves its current objective but undoes a previously
completed subtask by removing the red block from its correct region. In Collision, the robot reaches the desired goal but topples an unrelated
stack of boxes. These side effects occur on otherwise successful trajectories, and motivates the need to predict unintended consequences
before actions are executed. In this work, we introduce a side effect critic to prempt such side effects in vision-language-action models.

II. SIDE EFFECTS IN ROBOT MANIPULATION

We define a side effect as a change to the scene, caused
by the robot agent, that is unnecessary or unrelated to the
goal task. Crucially, side effects typically occur on successful
trajectories, in contrast to classical safety formulations where
an incident prevents task completion [9].

A. Taxonomy of Side Effects

We introduce a taxonomy of side effects in robotic manip-
ulation. Although side effects are inherently task-dependent,
our goal is to list broad categories that capture the side effects
commonly encountered in manipulation.

1) Wrong goal: While executing a task, a robot may
achieve a goal that is different from the language instruction
it was given. For example, when sweeping red blocks into a
marked red target region, it may end up sweeping both red
and green blocks into this red target region (Figure 1, top).

2) Nullify a previous goal: For longer-horizon tasks, multi-
ple subtasks are required to achieve a goal. While working on
subsequent subtasks, the robot may end up canceling out the
initial subtasks’ success, especially in the absence of memory,
where the robot’s only context may be the current subtask
language instruction. Consider the high-level goal of sorting a
set of differently colored blocks into the corresponding target-
colored region. After successfully sorting the red blocks in the
red region, while the robot attempts to sort the yellow blocks,

it may accidentally remove one of the sorted red blocks from
its target region (Figure 1, middle).

3) Reward hacking or misaligned behavior: A robot may
achieve the specified objective in a way that is misaligned with
human expectations. This is especially relevant for policies
trained with reinforcement learning, where the robot may
exploit loopholes in a proxy reward instead of satisfying the
intended task. Examples include a game-playing agent that
loops to repeatedly collect rewards instead of finishing a
race [7, 13], or a robot that flips a Lego block upside down
to maximize a height-based lifting reward [17].

4) Disturbance of or damage to the scene/environment: A
robot may disturb parts of the scene that are irrelevant to the
goal task, or may damage scene items. For example, while
sweeping red blocks to a target red region, the robot may
displace nearby distractor objects or push a block through a
liquid spill on the way to the target.

5) Collision: The robot may collide with objects in the
environment as it is executing a task. While performing a
standard pick-and-place task, it might knock over a stack of
boxes that is in its arm trajectory path (Figure 1, bottom).

III. SIDE EFFECT CRITIC

To address the problem of predicting side effects, we
introduce a side effect critic to predict side effects before
they occur. Given a candidate action chunk from a policy, the
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Method Recall Bal. Acc. MCC Recall Bal. Acc. MCC

Qwen3-VL Finetune 0.452 0.706 0.496 0.701 0.823 0.658
GPT-5.5 Zero-Shot 0.671 0.598 0.147 0.706 0.623 0.188
FAIL-Detect-logpZO 0.274 0.444 -0.087 0.152 0.476 -0.041
FAIL-Detect-RND 0.699 0.566 0.101 0.706 0.532 0.051

Side Effect Critic (Ours) 0.863 0.921 0.854 0.802 0.872 0.727

TABLE I: The side effect critic outperforms both VLM and failure-detection baselines. Side effect prediction performance on real-world
and simulation episodes, reported as recall, balanced accuracy, and Matthews correlation coefficient (MCC). Our side effect critic achieves the
best performance across all metrics and environments, improving MCC by 72% over the strongest VLM baseline in the real world and 10%
in simulation. While GPT-5.5 and finetuned Qwen3-VL demonstrate moderate recall, they exhibit substantially lower balanced accuracy and
MCC, indicating difficulty distinguishing side effect-causing actions from benign actions. Failure-detection methods perform near random
chance, suggesting that failure-detection signals based on anomaly detection do not transfer effectively to side effect prediction.

side effect critic determines whether executing the actions will
also cause unintended, task-irrelevant changes to the scene. We
train the side effect critic on annotated robot trajectories, using
supervision distinct from task success or failure.

Concretely, at timestep t, the robot observes scene images
It, robot state st, and a language instruction g. Given a
candidate action chunk At = (at, . . . , at+H), where H = 50
in our implementation, the goal is to predict whether each
action in the chunk will cause a side effect.

Let yt = (y
(1)
t , . . . , y

(H)
t ) denote binary side effect labels,

where y
(i)
t = 1 if action at+i−1 causes a side effect and

0 otherwise. The critic is a function fθ(It, st, g, At) → ŷt
that outputs a scalar side effect score for every action in the
chunk. At inference time, predictions are thresholded at 0.5 to
determine whether an action is likely to cause a side effect.

Our side effect critic is built on top of the π0.5 VLA model
[11]. The critic reuses the π0.5 backbone, which is pre-trained
on a large robotics dataset and builds on the PaliGemma VLM
[5] and SigLIP text encoder [24]. Unlike the original π0.5

policy, which predicts actions conditioned on observations and
language, our critic additionally conditions on a candidate
action chunk and predicts side effect scores. The action chunk
is projected into the model prefix through a newly initialized
linear layer, allowing action tokens to jointly attend to image,
language, and proprioceptive tokens.

The critic is trained with a flow matching objective to keep
in line with the π0.5 base model. A newly initialized input
projection maps a noised prediction vector, of length equal to
the action chunk size, into the model, and an output projection
predicts the flow matching velocity, which is integrated over
10 steps to yield the final per-action predictions. The side
effect critic is roughly the same size as π0.5, adding only
about 4,000 parameters, for a total of 3.35 billion parameters.
The critic evaluates a single length 50 action chunk in ∼ 180
milliseconds on an NVIDIA A100 GPU.

In preliminary testing, we also trained a simpler variant
that replaces the flow-matching head with a binary classifier
trained using binary cross-entropy over the per-action pre-
dictions. Both formulations achieve comparable performance,
suggesting that the gains arise primarily from the pretrained
VLA backbone rather than the specific prediction head. To

remain consistent with the base π0.5 model, we use the flow-
matching variant.

IV. EXPERIMENTS

We validate the key design choices underlying the side effect
critic, both in the real world and in simulation: (1) To validate
its preventive formulation, we compare against runtime failure-
detection methods, (2) To test action conditioning, we compare
against zero-shot and fine-tuned VLMs, which reason about
the scene but do not natively model candidate robot action
chunks, (3) We estimate the effect of robot-data pretraining
on side effect prediction.

A. Data Collection

We collect a real-world dataset on the 7-degree-of-freedom
(DoF) Trossen WidowX AI arm, with 6 arm joints plus gripper
control. Low-level actions are executed as absolute joint poses
at 30Hz, and teleoperation data is collected using a standard
single-arm leader-follower setup.

We also collect a simulation dataset in PyBullet using tasks
extended from Ravens [23] with a Universal Robots UR5
embodiment. To generate simulation data, we orchestrate an
automated pipeline that uses VLMs to propose side effects,
generate candidate trajectories, and collect robot episodes.
Episodes are labeled at every timestep according to whether
the action at that timestep causes a side effect. All ground-truth
side effect labels are provided by a human annotator.

In total, the real-world dataset contains 351 episodes
(140,500 timesteps) across 2 tasks, while the simulation
dataset contains 500 episodes (499,742 timesteps) across 3
tasks. Models are trained on these datasets and evaluated on 50
held-out episodes in each environment. The real-world dataset
contains three side effect categories (Wrong Goal, Nullify
Previous Goal, and Disturbance to Environment), while the
simulation dataset additionally contains Collision side effects.

B. Evaluation Metrics

Side effect-causing actions are substantially less frequent
than side effect-free actions, making the evaluation class-
imbalanced. We therefore report recall, balanced accuracy, and
Matthews correlation coefficient (MCC). Recall measures how
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Method Recall Bal. Acc. MCC Recall Bal. Acc. MCC

No Robot Pretraining 0.822 0.899 0.819 0.733 0.827 0.633
π0 Init 0.835 0.904 0.819 0.802 0.868 0.710

Side Effect Critic (Ours) 0.863 0.921 0.854 0.802 0.872 0.727

TABLE II: Robot data pretraining improves side effect prediction. Comparing backbone initializations of the base PaliGemma model
reveals a consistent benefit from robot pretraining. Our side effect critic uses a π0.5 backbone, and we compare it to a π0 initialization
and a VLM-trained PaliGemma initialization that does not have any robot pre-training. Our critic performs best overall, while the VLM
initialization performs worst. These results suggest that predicting side effects benefits from representations learned from robot pre-training.

many true side effects are detected, balanced accuracy ac-
counts for class imbalance by averaging recall across classes,
and MCC summarizes all entries of the confusion matrix in
a single score. Evaluation is performed at the action-chunk
level, which is labeled side effect-causing if any action within
the chunk is predicted to cause a side effect.

V. RESULTS

A. Side Effect Critic outperforms runtime failure detection

A natural question is whether existing runtime failure-
detection systems can already solve side effect prediction.
To test this, we compare against FAIL-Detect [22], a recent
failure-detection framework that learns anomaly scores from
successful demonstrations and uses conformal prediction to
identify problematic behavior at deployment. We evaluate both
the logpZO variant, which uses a flow-based density estimate
over observations, and the RND variant, which incorporates
both observations and actions.

Results are shown in Table I. Neither variant transfers
effectively to side effect prediction. In the real world, FAIL-
Detect achieves MCC values of −0.087 (logpZO) and 0.101
(RND), while in simulation it achieves −0.041 and 0.051,
respectively. These scores are nearly random chance and
substantially below our side effect critic’s 0.854. This result
suggests that side effects are not well captured by the out-of-
distribution and uncertainty signals used by failure-detection
systems. These anomaly detection-based approaches monitor
for deviations away from success; however, side effects often
occur on otherwise successful trajectories, which likely caused
runtime failure detection approaches to fail.

B. Our VLA-backbone critic outperforms VLMs for side effect
prediction

We next investigate whether side effect prediction can
be solved using general-purpose vision-language models. We
evaluate GPT-5.5 [16] in a zero-shot setting and finetune
Qwen3-VL-8B-Instruct [4] using LoRA [10] on the same
training data used for our critic. Results are reported in Table I.
Our side effect critic, initialized with a smaller π0.5 backbone,
substantially outperforms both VLM baselines. In the real
world, the critic achieves an MCC of 0.854 compared to
0.147 for GPT-5.5 and 0.496 for finetuned Qwen3-VL. In
simulation, our critic reaches 0.727 MCC, compared to 0.188
and 0.658, respectively. Interestingly, several VLM baselines

achieve moderate recall but low balanced accuracy and MCC.
This result suggests that VLMs frequently over-predict side
effects, resulting in many false positives. While VLMs possess
strong semantic understanding, we find them less reliable as
side effect critics even after finetuning with task-specific data.

C. Stronger robot pretraining improves critic performance

Finally, we find that robot side effect prediction benefits
from representations learned through robot interaction data.
We vary the initialization of our critic’s backbone while
keeping the architecture, total parameter count, and training
procedure fixed. Specifically, we compare our critic initialized
from PaliGemma, which contains vision-language pretraining
but no large-scale robot experience, π0 [6], which contains a
weaker robot pretraining recipe, and π0.5, our default backbone
with the strongest robot pretraining.

Results are shown in Table II. The π0.5 initialization per-
forms best overall, achieving MCC values of 0.854 in the
real world and 0.727 in simulation. The trend is particularly
clear in simulation, where MCC improves with stronger robot
pretraining. In the real world, the differences are smaller,
though our backbone using π0.5 remains the most effective
backbone. Notably, as shown in Table I, the finetuned Qwen
model, whose backbone has no robot pretraining, performs
similarly or worse than that of the no robot pretraining
PaliGemma model. Taken together, these results suggest that
robot experience contributes useful representations for side
effect prediction and that understanding how actions alter the
environment is an important component of the task.

VI. CONCLUSION

In this work, we address side effect prediction for robotic
manipulation. We study the problem by introducing a tax-
onomy of side effects and propose the side effect critic,
a model that scores a candidate action chunk and predicts
whether it will cause a side effect before the actions are
executed. Across simulation and real-world experiments, the
side effect critic substantially outperforms zero-shot VLMs,
fine-tuned VLMs, and runtime failure-detection methods. We
find that stronger robot data pretraining in the critic’s backbone
improves prediction. As robots take on more open-ended tasks,
predicting side effects before they occur is an important step
toward reliable robotic deployment and systems that act in
alignment with human intent.
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