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Abstract— Solving complex real-world control tasks often
takes multiple tries: if we fail at first, we reflect on what went
wrong, and change our strategy accordingly to avoid making
the same mistake. In robotics, Vision-Language-Action models
(VLAs) offer a promising path towards solving complex control
tasks, but lack the ability to contextually and dynamically
readjust behavior when they fail to accomplish a task. In this
work, we introduce Learning from Inference-Time Execution
(LITEN), which connects a VLA low-level policy to a high-level
VLM that conditions on past experiences by including them in-
context, allowing it to learn the affordances and capabilities of
the low-level VLA. Our approach iterates between a reasoning
phase that generates and executes plans for the low-level
VLA, and an assessment phase that reflects on the resulting
execution and draws useful conclusions to be included in
future reasoning contexts. Unlike similar approaches to self-
refinement in non-robotics domains, LITEN must reflect on
unstructured real-world robot trajectories (e.g., raw videos),
which requires structured guiderails during assessment. Our
experimental results demonstrate LITEN is able to effectively
learn from past experience to generate plans that use high-
affordance instructions to accomplish long-horizon tasks.

I. INTRODUCTION

Robotic foundation models based on powerful pre-trained
vision-language model (VLM) backbones have the potential
to combine both the semantic and common-sense problem-
solving abilities of LLMs and the flexible and dexterous
end-to-end control capabilities of learned policies [1], [2],
[3], [4], [5]. However, current robotic foundation models,
most notably Vision-Language-Action models (VLAs), have
primarily been studied in “single shot” settings, where they
are evaluated on their ability to follow individual user com-
mands. A practical robotic system needs to also plan through
complex behaviors and, perhaps most importantly, adjust its
behavior based on context and perceived capabilities. For
example, if the robot needs to open a latched container, it
might try to unlatch it in a particular way, and if that fails,
it should modify its strategy and try a different approach.
This kind of in-context adaptation has been observed as an
emergent behavior in LLMs [6], [7], [8], but has proven
difficult to enable in the robotics domain with current VLAs.

In this paper, we propose an inference-time learning
method that enables robotic policies to reason through com-
plex tasks, form plans, and then adjust those plans based
on observed outcomes (without any additional training).
Our method, Learning from Inference-Time Execution
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(LITEN), employs an off-the-shelf VLM to first attempt a
task by controlling a low-level VLA, then retrospectively
reason about the induced robot behaviors. These insights can
then be included in-context in future attempts, allowing the
VLM to progressively learns affordances [9]: what the robot
can or cannot do, subject to the constraints of dynamics,
the robot embodiment, and the policy’s learned behaviors.
LITEN’s high-level VLM “feels out” the policy’s capabili-
ties, gradually strengthening its interface with the low-level
controller and improving its high-level task reasoning as
experience is accumulated. We illustrate how LITEN can
utilize past experiences in Figure 1.

Our approach can be seen as an adaptation of inference-
time self-refinement approaches for agentic foundation mod-
els [8], [10], [11] to real-world robotics. As shown in Fig-
ure 2, LITEN adopts a two-phase iterative approach to self-
refinement: a reasoning phase, followed by an assessment
phase. In the initial reasoning phase, our high-level VLM has
no prior experience of how the VLA will act when instructed,
and must “guess” a plan (i.e., a sequence of subtask instruc-
tions). After the plan is attempted in the physical world, we
move to the assessment phase and enlist a VLM judge to
evaluate the result of the VLA’s execution. Unlike existing
self-refinement methods that can leverage precise feedback in
simulated or computational environments, we must deal with
unstructured data (e.g., raw videos) and draw meaningful
conclusions for use in refining robot task reasonings.

To gain valuable takeaways from unstructured videos of
robot executions, LITEN breaks the process of assessment
down into a sequence of steps that are individually manage-
able by the VLM judge. Specifically, the judge assesses the
outcomes of robot rollouts by determining which subtask
commands failed, what the policy did incorrectly, possible
reasons why, and how these errors might be avoided. These
insights are then provided in-context when the VLM next
attempts the task, allowing it to revise its task reasoning in
light of its prior experience.

In summary, our contribution is LITEN, a novel inference-
time technique for high-level VLMs to solve complex robotic
tasks by learning affordances through repeated interactions
with the environment, which is leveraged for better task
reasoning. Crucially, LITEN requires no additional training
and can be used by off-the-shelf VLMs. We demonstrate the
efficacy of LITEN on a set of long-horizon manipulation
tasks using the DROID Franka robot setup [12]. Our results
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“Empty two of the bowls.”

# Empty the red bowl

1. Toy orange → grey bowl

# Empty the blue bowl

2. Pink toy → grey bowl

3. Green block → grey bowl

High-level VLM

Mistook pink bowl for pink toy Correctly picked tall green block

2 31

# Empty the grey bowl because 

it is large

1. Toy grapes → pink bowl

# Empty the black bowl 

because its contents are tall

2. Red block → pink bowl

3. Yellow cylinder → pink bowl

High-level VLM 2 31

Fingers can’t fit in small bowls

Initial rollout fails

Subsequent rollout succeeds by learning from past experience

Grey and black bowls cleared, overall success!

Include prior 
interactions in-context

Fig. 1. Our method, Learning from Inference Time Execution (LITEN), is a novel approach that leverages a two-level hierarchical model to reason about
complex tasks based on prior experience collected at inference-time, allowing it to learn the robot’s affordances and gradually improve performance.

show that our approach is able to iteratively improve its
planning capabilities from repeated attempts at a task, out-
performing baseline approaches to inference-time learning
that are not designed for real-world robotics.

II. RELATED WORK

Vision-Language-Action models. Vision-Language Mod-
els (VLMs) are a powerful source of representations
for control. They are popularly leveraged via behavioral
cloning (BC), which yields Vision-Language-Action poli-
cies (VLAs): VLMs that have been fine-tuned on vast
robot demonstration corpora [13], [14], [12], [15] into robot
policies [2], [4], [3], [16]. VLAs are often generalists: due
to their diverse training data, they can perform many tasks
in unstructured settings, typically as commanded in text.
Despite this, current VLAs are mainly trained on low-
level tasks, and thus fail at high-level tasks that demand
reasoning or common sense. While hierarchical [17], [18]
and reasoning [19], [20], [21], [22] approaches alleviate this,
such methods require expensive data collection, annotation,
and training. In contrast, LITEN uses an off-the-shelf VLM
to learn from inference-time rollouts by storing and reasoning
about them in-context, without training.

Planning and affordance reasoning. An alternative ap-
proach that addresses this shortcoming is to use pre-trained
foundation models as high-level planners or reasoners, typ-
ically interfacing with a separate low-level policy or con-
troller [23], [24]. These methods are zero-shot: they forgo
robot-specific training and instead use the common-sense
knowledge and reasoning capabilities in VLMs to determine
(1) what the robot should do (e.g., by decomposing a goal
into subtasks) and (2) what the robot can do, grounded in
the scene and the robot’s capabilities (also called “affor-
dances” [9]). This dichotomy is outlined by SayCan [25],
which uses a language model to determine appropriate
subtasks, while a separate learned value function estimates
affordances. Other works learn a value function estimation
for foundation-model based approaches either in an offline
reinforcement learning setting [26] or through visual heuris-

tics [27]. In contrast, VoxPoser [28] leverages (V)LMs to
determine affordances by constructing a semantic voxel map
in code. Other approaches couple affordance estimation and
task reasoning more tightly, using the VLM both to interpret
the scene and decide on appropriate behaviors [29], [30].

However, contrasting LITEN, the zero-shot nature of these
approaches can also be a drawback: because the high-level
VLM is not trained on robot data, it has limited understand-
ing of the robot’s capabilities and limitations, leading to
suboptimal performance [25]. This is only exacerbated as
considered tasks become more complex, necessitating both
more flexible low-level controllers and the VLM to have a
more fine-grained grasp of possible behaviors.

Inference-time learning for agentic tasks. Outside of
robotics, iterative inference-time refinement methods have
been explored for agentic tasks in other domains [8], [10],
[11]. Such works often have similar considerations as in
robotics, especially when applied to control in simulated
environments [31], [32], [33]. However, translating these
methods directly to real-world robot control can be dif-
ficult. Specifically, existing works (1) abstract away low-
level control by delegating it to a powerful planner (often
leveraging privileged simulation data), and (2) makes use
of that same ground-truth simulator state for expressing
agent observations, skills, and even interaction feedback in
text. Both these assumptions cannot be made for real-world
robotics. We compare LITEN with a direct adaptation of
Reflexion [8] to illustrate our method’s comparative efficacy
in unstructured real-world robot manipulation applications.

III. PROBLEM STATEMENT

We consider the regime of robotic control for long-
horizon instruction following. We define a task ℓ as a natural
language description of the desired instruction, e.g., “Empty
two of the bowls” from Figure 1.

In order to accomplish free-form natural language in-
structions like this, we make use of language-conditioned
policies πlow (a | o, ℓ′), which map observations o and input
instruction text ℓ′ to a distribution over low-level robot
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actions a. We specifically use vision-language-action models
(VLAs) as πlow, as they are an effective end-to-end approach
for learning generalist language-conditioned control policies
[2], [3], [4].

Critically, while VLAs are open-vocabulary policies and
can condition on arbitrary language, they often struggle when
given open-ended, long-horizon instructions. Instead, they
excel at the shorter-horizon, atomic behaviors found in their
training data. To accomplish long-horizon tasks, they also
need separate high-level policies to break the overall task into
behaviors that the VLA is trained for [17], [18]. To address
this limitation, we use a highly-capable off-the-shelf VLM
for high-level reasoning, πhigh, decomposing the overall task
ℓ into a sequence of subtask instructions ℓ′0 . . . ℓ

′
n. The VLA

can then execute each subtask in sequence. When rolled out
via a standard action-perception loop, this yields a subtask
trajectory τi = {(o0, a0)i, (o1, a1)i, . . . (oT , aT )i} (where
actions are sampled from the VLA conditioned on the current
observation and subtask language at ∼ πlow(· | ot, ℓ′i) and T
is the length of the subtask trajectory). The overall trajectory
is simply the concatenation of all these subtask trajectories
τi in sequential order. The overall task ℓ is successful if it
is accomplished by the end of the last subtask trajectory.

Finally, we note that the VLA has learned to map com-
mands to a diverse range of low-level actions. While we have
a sense of what language the VLA has been trained to follow
(which is useful for giving examples of “reasonable” subtask
language ℓ′i for πhigh to output), we do not have any a priori
description of its affordances (e.g., in what scenarios it is able
to accomplish certain commands, and with what likelihood).
We thus consider an iterative multi-round setting, wherein
the system can attempt the task multiple times. Critically,
the system can pass forward some information to subsequent
attempts. Our experiments thus compare different ways to
use pre-trained VLMs as πhigh, specifically showing that our
approach, LITEN, is an effective way to infer affordances
and improve performance from past robot rollouts.

IV. LEARNING FROM INFERENCE-TIME EXECUTION

We now present LITEN, an approach that allows the
VLM planner πhigh to learn the affordances of the VLA
πlow at inference time through repeated interactions with
the physical world, subsequently using these affordances to
improve its planning capabilities. We show that, by reasoning
about prior attempts at a task – how they succeed or fail,
the underlying semantic or physical constraints that lead
to these outcomes, and what sorts of behaviors the policy
is empirically suited to – LITEN is an effective way to
gradually improve task success rates as more experiences
are accumulated in-context, all with no extra policy training.

LITEN consists of an iterative loop with two phases: a
reasoning phase and an assessment phase. In the reasoning
phase (Section IV-A), the VLM reasoner is given a task
instruction ℓ and an initial image observation of the environ-
ment. It is instructed to reason through and decompose this
goal into subtasks, which the VLA then executes as described

“Empty two bowls”

Generate a step-by-step plan in code to 

accomplish:

< task instruction > in < observation >

Please also give reasonings for each step.

To help, here is feedback from previous 

code executions:

< in-context experiences from buffer >

VLM Reasoner

Given: < images from robot rollout >

Assess if each subtask in < subtasks list >

and the overall < task instruction > were 

completed by the robot.

If not, what happened, and why?

What minimal change to these commands 

would improve behavior?

VLM Judge

VLA  𝝅𝒍𝒐𝒘 𝒂 𝒐, 𝒍′)

Buffer

Overall task Prior experience

Subtask list
for VLA to 
execute

Sequences of 
rollout images

…

Assessments of 
past rollouts

Fig. 2. An overview of our approach. LITEN cycles between (1) the
reasoning phase, wherein the VLM reasons about the task to decompose
the task into subtasks that the VLA low-level policy can roll out in sequence
and (2) the assessment phase, wherein the VLM judges the outcomes of
inference-time rollouts. The reasoning phase includes the outputs of the
assessment phase by including them in the VLM’s context, allowing the
reasoner to iteratively learn robot affordances and improve performance.

in Section III. We then move to the assessment phase (Sec-
tion IV-B), where we evaluate the outcome of each subtask
execution in a structured format, invoking a VLM judge with
a chain of prompts to draw meaningful conclusions from
unstructured trajectories. Finally, the result of this assessment
is then added back in-context to the prompt for the VLM
reasoner in the next iteration, which generates a new plan that
takes the prior experience into account (Section IV-C). We
provide a diagrammatic representation of LITEN in Figure 2.
We now detail each phase of LITEN.

A. Reasoning Phase: Generating and executing plans

The reasoning phase begins by asking a VLM to act as
πhigh. We give it the overall task ℓ and initial observation
image, then prompt it to produce a list of subtasks that solve
this task, along with a justification for each step.

To help direct πhigh’s outputs, we supply the VLM rea-
soner with additional context. First, we give it provide a
description of language commands that are representative of
instructions in the VLA’s pre-training data. This constrains
πhigh’s outputs to the “style” of language subtasks that πlow

can follow (though critically not its affordances, i.e., when
each command is feasible). We also describe the general class
of instructions that are relevant to our task setup: in our
setting, these are pick-and-place and move operations by a
robot arm. Lastly, to ground the reasoner in its environment,
we employ a similar technique to prior work [34], [35] and
provide it with a list of manipulable objects, identified by a
separate VLM call. Executing each subtask ℓ′i in sequence
with the VLA yields a corresponding trajectory segment
τi = {(o0, a0)i, (o1, a1)i, ...}.

B. Assessment Phase: Learning from previous executions

Once a plan has been fully executed, we begin the assess-
ment phase by collecting the sequence of sub-trajectories for
each subtask attempted by πlow, i.e., {(ℓ′0, τ0), . . . (ℓ′n, τn)}.
To generate useful feedback for future iterations, we present
a structured assessment procedure that asks a VLM judge to
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Put the orange fruit in the 
grey bowl Did the subtask succeed?

> No.

What happened instead?

> The gripper is only 
partially in the small red 

bowl.

Why did it fail? 

What would improve its 
chances?

> The grasp affordance of 

the object in this small bowl 

is poor. A larger or 

shallower bowl would 
improve it.

Put the pink notepad on 
the green sponge loaf Did the subtask succeed?

> No.

What happened instead?

> The pink notepad was 
moved slightly, but remains 

on the table

Why did it fail? 

What would improve its 
chances?

> The thin notepad may be 

hard to reliably grasp, so 

the robot only nudged it 

forward. Using a bigger 
notepad could help.

Put the pineapple can on 
the frisbee Did the subtask succeed?

> No.

What happened instead?

> The robot put the green 
beans can on the frisbee

Why did it fail? 

What would improve its 

chances?
> Due to data bias, the VLA 

may not fail to read small 

labels or disambiguate 

similar objects. Could fix by 

choosing less ambiguous 
commands

Fig. 3. Examples of VLM judge’s prompt and output for three subtasks (abridged for length). These generations are included in-context for the VLM
reasoner in subsequent iterations attempting the task. Additional full examples are available in our codebase at https://github.com/ameesh-shah/liten-vla

answer a chain of prompts about each subtask that mirrors
human reasoning. The prompts are as follows:

1) Did it succeed? We give a subtask instruction ℓ′i and
the first and last observation images of τi as input to
the judge, and ask whether or not the robot successfully
accomplished ℓ′i.

2) What happened instead? In the case of failure, we
ask the judge to describe what the robot did in the
environment instead of ℓ′i. In this step, we experimented
with providing a video (sampled at various frame rates)
of τi but found that our VLMs struggled to accurately
comprehend unstructured sub-trajectory videos. For our
experiments, we found it sufficient to provide the first
and last observation images when asking the judge to
describe what happened.

3) Reason about failure. We give the intended subtask
ℓ′i, the description of what actually happened from the
previous step, and the initial observation image to the
judge and ask it to reason about why πlow failed in
the way it did. To ensure that the judge can correctly
diagnose failure causes, we include substantial context
in our prompt that outlines a general VLA training
and inference procedure and briefly describes the way
πlow attends to language (e.g., ‘Our VLA tends to pay
attention to the color, shape, and spatial orientation
of objects in the instruction.’) We additionally ask the
VLM to suggest what minimal changes to either ℓ′i
or the environment would improve the chance of suc-
cess. We emphasize minimality to encourage suggested
changes that are grounded in the specific task context.

We provide an example illustrating the above steps in
Figure 3. In the case of a successful subtask, we instead
ask a VLM to briefly describe the environment in which the
success occurred. Once we have generated assessments for
each subtask, we then ask a VLM to evaluate the overall task.
We provide the structured assessments for all subtasks in an
execution, along with overall task language ℓ, and ask the
judge to describe why the overall task succeeded or failed
based on the outcomes of each subtask.

C. Using feedback in future iterations

Upon the start of the next reasoning phase, the structured
feedback generated in all previous assessment phases is
added in-context to the plan generation prompt. To ensure
that assessments are used effectively, we add instructions
on how to use prior experience to the VLM reasoner’s
prompt. In the prompt, we emphasize that a subtask’s success
is dependent on the environment, and that subtasks with
multiple occurrences in-context do not necessarily share the
same environment configuration with one another nor the
current environment. Our prompt also notes that the VLA
is stochastic, and its performance on the same subtask may
vary across executions. We instruct the VLM reasoner to
prioritize using subtask instructions in the following order:
(1) instructions that are very likely to succeed in the cur-
rent environment based on prior experience, (2) instructions
that have not yet been tried, and (3) instructions that are
unlikely to succeed but have been rephrased in a way that
maximizes their success likelihood. The VLM reasoner takes
into account its prior experience and the aforementioned
instructions, then generates a new plan for execution.

D. Implementation

We now describe our concrete instantiation of LITEN on
a real-world robotics setup. We use GPT-5-mini [36] as our
high-level VLM in both the reasoning and assessment phases,
given its cost effectiveness and state-of-the-art reasoning ca-
pabilities. For our low-level policy, we use π0.5-DROID [17],
an open-source state-of-the-art VLA that has been fine-tuned
on the DROID dataset [12]. Accordingly, our experiments
use the standard DROID robot setup: a tabletop with a 7-
DoF Franka Emika Panda robot arm and a 2F-85 Robotiq
gripper end-effector operating at 5Hz.

The reasoning phase takes as input a user-specified ℓ, and
an initial image of the scene that comes from a fixed ZED
2.0 camera on the right side of the tabletop. The reasoning
phase is a single VLM request that includes the following
in addition to the aforementioned inputs: the top-level plan
generation prompt for ℓ, the in-context experience collected
from prior attempts, and the instructions on how to use past
experience. The VLM generates Python code with comments
explaining its reasoning to serve as the plan and uses a
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Fig. 4. Success rates for the full completion of each multi-stage task over five attempt iterations. Our results show that LITEN is able to make effective
use of prior attempts and consistently improves its plans as more experience is collected. Results are averaged over 10 trials.

provided API endpoint that allows it to invoke the VLA for a
subtask ℓ′i. Additionally, we ask the VLM reasoner to justify
its subtask generations in natural language.

During execution, π0.5-DROID receives joint angle pro-
prioception and RGB images from the same right-side ZED
camera and a ZED mini wrist camera. Subtasks are run with a
maximum horizon of 300 time steps. π0.5-DROID produces
joint velocity action chunks [37] of length 8, so the VLA
only runs inference every 8 steps. The robot’s position is
reset to home between subtasks.

In the assessment phase, the initial and final image ob-
servations from each subtask are provided to the chain of
prompts in our structured assessment template. Each step
outlined in Section IV-B is a separate VLM request that uses
the output from the previous steps. The results of all subtask
assessments are then provided in a single request to the
VLM judge when assessing the overall task. The overall task
and subtask assessments, including the images used in those
assessments, are then stored and provided in a hierarchical
structure (subtasks are coupled with their overall task) in-
context to future reasoning phases. Our implementation of
LITEN, including the full prompts used, is available in our
codebase.

V. EXPERIMENTS

We evaluate LITEN on a collection of challenging multi-
step tasks that requires the high-level VLM to learn relevant
affordances, including (1) what the low-level robot controller
is capable of and (2) spatial and physical properties of the
environment and embodiment. Through our experiments, we
seek to answer the following questions:

RQ.1. Can LITEN learn task-relevant affordances in its
environment by interacting with the physical world?

RQ.2. As it gains experience, does LITEN effectively learn
from both successes and failures, and iteratively
improve its plans for complex tasks?

RQ.3. What is the importance of each step in the assess-
ment phase of LITEN in facilitating learning from
past experiences?

A. Experimental Setup

We select three complex, multi-stage tasks that are achiev-
able by composing behaviors and instructions akin to those
found in the DROID dataset. To ensure that our VLA can
consistently achieve our tasks, we fine-tune π0.5-DROID on
a small number of collected demonstrations to help it adapt
to our specific tabletop and task setups. We collect 150
total demonstrations per multi-stage task, which are divided
up into 5-15 distinct subtasks. The initial configuration of
our task does not vary across iterations in a given trial,
but does vary slightly across trials; e.g., some object initial
positions are switched. Our tasks are depicted in Figure 5
and described as follows:

1) Stacking. The robot must stack a total of three objects
atop one another. The scene has 3 small blocks, 2
medium-sized cans, and a large upside down plate. The
high-level VLM must learn which objects can be easily
stacked atop one another by the VLA and which objects
are too difficult to precisely balance.

2) Emptying Bowls. A number of bowls of different
depths and sizes are set on the table. The robot must
empty two bowls by moving their contents to other
bowls. The high-level VLM must learn which bowls
are either large enough for the gripper end-effector to
fit in or shallow enough to allow objects to protrude
and be grasped by the arm.

3) Moving Off Table. The robot must move objects on
the table onto other objects such that only three objects
remain in direct contact with the table. The high-level
VLM must learn which objects are manipulable by the
VLA, and which objects can serve as landing spots for
other objects without rolling or falling off.

Baselines. We compare our approach against a number
of alternative approaches to learning from inference-time
experience that do not reason about experiences in the
same way as LITEN. While to our knowledge prior VLA
methods do not utilize inference-time experience in-context,
we adapt Reflexion [8], an inference-time learning technique
for agentic LLMs, to a robotic setting. Our adaptation
‘reflects’ on unstructured videos of executed plans, and uses
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“Create a stack of any three objects on the table”

“Move objects between bowls until two bowls are empty”

“Move objects so that only three are touching the tabletop”

Example Initial Scene Example Solution

Fig. 5. Examples of initial configurations and solutions for our tasks.

these reflections in-context for subsequent iterations. This
baseline can be thought of as a naı̈ve adaptation of standard
self-refinement approaches to real-world robotics. We also
compare against an approach that only stores successful
subtask attempts and provides those successful attempts
in-context for future plan generations, called Positive-ICL.
This approach mirrors existing methods that use positive in-
context examples for zero-shot open-world robotic manipu-
lation [29], and can be viewed as an ablation of our method
that does not use negative examples. Lastly, we compare
against a naı̈ve baseline that regenerates a new plan at every
iteration without using any feedback, called No-Feedback.

Ablations. We answer RQ.3. by conducting an ablation
study where we remove steps from the assessment phase
(see Section IV-B) and run LITEN in the same manner as
described above for the Empty Bowls task. We ablate the ap-
proach in two ways: (1) removing the failure reasoning (w/o
failure reasoning: “why did the policy fail at this subtask?”)
and (2) removing the outcome analysis as well (w/o failure
reasoning and outcome: “what did the policy do instead?”),
leaving only whether the subtasks were successful or not.

B. Results

Main results. In Figure 4, we show the results of each
approach in accomplishing the tasks over a total of five iter-
ations, averaged over ten trials. For each trials, we run each
method for a maximum of five iterations, stopping early if
the attempt is successful. The success rates represent the rate
of accomplishing the entire task and do not consider partial
credit. Our results show that LITEN is able to make use of its

0 25 50 75 100

Ablation Results on Empty Bowl

LITEN w/o failure reasoning w/o failure reasoning and outcome

Fig. 6. Success rates after five past attempts after ablating various
components of LITEN’s VLM judge. When any part of the assessment phase
is ablated, performance drops dramatically, indicating that prior experience
is most impactful when it includes whether the past rollout succeeded or
not, what the policy did instead if not, and why that might be the case.

collected experience and successfully instruct πlow with high-
affordance subtask instructions to accomplish the overall
tasks, answering RQ.1. and RQ.2. affirmatively. LITEN’s
success rate increases consistently over consecutive attempts,
indicating that it effectively uses additional prior experience
to further improve its plans. The baseline approaches are
substantially less effective at leveraging prior experience. No-
tably, the naı̈ve No-Feedback baseline is practically unable
to accomplish any tasks, showing that the VLM will not
occasionally generate a correct plan as a result of random
chance. This shows the importance of learning from past
experience at inference time.

Ablation results. We present the performance of LITEN
under various ablation conditions in Figure 6, demonstrating
the importance of the knowledge gained in each step of the
assessment phase. Providing only the success or failure of
each subtask (without failure reasoning or outcome anal-
ysis) yields the worst performance. Removing the failure
reasoning only performs better, but will on occasion attribute
differences between intended and actual outcomes to the
instruction’s language as opposed to physical explanations.
The explicit “reason about failure” step provides useful
context about why failures may have occurred, such as
suggesting the limitations of VLA capabilities or physical
properties of objects, and thus allows LITEN to learn more
sophisticated affordances.

Qualitative analysis. We provide a qualitative analysis to
answer RQ.1. and describe the affordances LITEN learns
in our experiments. We find that LITEN is particularly
successful at learning from failures that either indicate (1)
biases from the VLA or (2) physical properties that cause
obvious difficulties in control.

To exemplify (1), in the Stacking task, the VLA is biased
towards manipulating larger objects in the scene, such as the
two cans or the yellow cylinder block. In an attempt from
our experiments, the high-level VLM instructed the VLA
to “put the green cube on the purple plate”, but the VLA
instead moved the green beans can onto the purple plate.
LITEN was able to clearly identify this mistake made by the
VLA and recognize that moving the green can to the purple
plate is a subtask that can be part of a potential solution. The
subsequent plan included “put the green beans can on to the
purple plate”.

Regarding (2), we found that the high-level VLM often
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suggested initial plans that require precise control. For the
Stacking task, the high-level VLM would frequently generate
a plan involving stacking the three small blocks instead of the
larger cans and plate, which is comparatively more difficult
and requires finer manipulation skills. In the Moving Off
Table task, the VLM occasionally suggested moving the
green sponge on top of other objects, despite it being the
largest object on the table and too wide for the gripper.
However, LITEN enabled the high-level VLM to draw mean-
ingful conclusions from these attempts (e.g., “the VLA may
lack precise top-down placement abilities when stacking the
blue and green blocks” or “the gripper could not grasp the
green sponge due to size constraints”) and generate plans
that adjusted accordingly.

The baselines are unable to learn as effectively. Because
the Positive-ICL baseline only retains successful subtasks in-
context, the method must effectively “get lucky” and find
successful subtasks through the randomness of the VLM-
generated plans, leading to high inefficiency. This illustrates
how LITEN’s fine-grained rollout assessments critically pro-
vide a strong signal for understanding the robot’s capabilities
and leveraging it for improvement. The Reflexion baseline
reasons over entire raw video trajectories, which we found
often led to poor comprehension of physical outcomes. For
example, we found that entire-video reflections would often
hallucinate objects that were not in the scene, or mistakenly
assume subtasks were successfully completed. This under-
scores the challenge of extracting meaningful feedback from
raw robot interaction data.

VI. DISCUSSION

A. Failure Cases

We characterize the failure cases of LITEN when it fails
to correctly plan for a task after multiple execution attempts.
The majority of failures can be attributed to either (a) the
stochasticity of the VLA, (b) LITEN’s tendency to attribute
control failures to the wording of a subtask, or (c) LITEN’s
inability to reason causally about subtask orderings.

For the first failure case, a small number of potential
subtasks in our experiments have high variance, such as
stacking one can atop another in the Stacking task. If
LITEN experiences a successful subtask execution in an early
iteration, it will tend to fixate on using this subtask, even if
multiple subsequent executions of the same subtask fail.

In the second case, if a subtask execution fails due to
a control error, LITEN may misdiagnose this failure as a
result of imprecise language in the subtask instruction. For
example, if the subtask “put the blue block on the green
block” fails, but the blue block gets moved close to the green
block, LITEN may attribute this failure to the language and
provide an instruction like “put the blue block directly on
top of the center of the green block.”

The third case is most easily understood via example. In
the Move Off Table task, overall success is highly sensitive
to the ordering and control precision of each subtask. In
one instance, the purple cylinder was successfully placed on
the green sponge. However, the next subtask was placed the

white egg also on the green sponge, which, while successful,
knocked the purple cylinder back onto the table in the
process. Although the VLM judge managed to accurately
describe this phenomenon during the assessment phase (“The
VLA likely ... displaced the cylinder when placing the egg”),
the VLM reasoner struggled to make use of this insight in
future plans.
B. Analysis and Limitations

We now take a more prescriptive view of the cases
discussed earlier. Both the first and second failure cases
represent failure of the VLM to adapt to VLA affordances on
individual subtasks. In the first case, the VLM reasoner needs
to strike a balance between avoiding “borderline affordances”
of VLAs, while attempting to leverage the VLA’s steerability
through language at the same time.

The second failure case is an artifact of using language
as the reasoning mode. We expect that as VLM video
comprehension capabilities improve, the VLM judge can
properly classify infeasible actions that no amount of subtask
language modification will fix, mitigating this failure mode.

The last case represents what we see as the most salient
current limitation of LITEN. Unlike the first two failure
cases, it exhibits a sequence of successful individual sub-
tasks but a failure at the overall task level. This indicates
a deficiency in the ability of the VLM to reason across
subtasks. Thus, instilling the high-level VLM reasoner with
stronger logical and causal reasoning is a clear area of future
improvement for inference-time affordance learning.

VII. CONCLUSION

In this work, we present LITEN, a novel inference-
time learning method that enables generalist robot policies
to reason about complex tasks, attempt them in the real
world, and then distill insights from those past attempts
to improve future reasoning, without requiring additional
training. LITEN iterates through a two-phase process that
first generates plans for a VLA using a high-level VLM, then
assesses the execution of that plan through a chain of prompts
that enables the VLM to draw meaningful conclusions for use
in subsequent planning iterations. Our experimental results
show that LITEN effectively uses past experience to solve
complex manipulation tasks that require an understanding of
the robot’s affordances.

There are many exciting directions for future work. Al-
though LITEN is only demonstrated on single tasks, its
usage in a lifelong learning setting is compelling, where
past experience across many different tasks is used to solve
new tasks. To that end, we are interested in understanding
what past experiences are more or less useful in efficiently
gaining affordances. We are also interested in scaling up
LITEN to settings with large amounts of prior data that
cannot entirely be fit in-context, which will require adapting
context management techniques such as RAG [38].
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