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Robotic learning takes place in dynamic environments with large behavior spaces. A terminal success
signal only tells the robot whether the task is completed. It does not explain whether the current
behavior is making progress, remaining unchanged, or undoing earlier progress. For this reason, recent
studies have increasingly explored progress rewards that provide feedback during task execution.
However, the current literature lacks a shared framework. Existing methods use different observations,
goal specifications, output signals, supervision sources, and evaluation protocols. This makes it difficult
to compare them and understand what their results actually validate. In this survey, we provide a
unified view of progress reward modeling for robotic learning. We organize the field in three connected
steps. We first study the interface of a progress model. This defines the problem from the outside
by asking what information the model receives and what form of progress signal it produces. We
then move inside the model and study the methods used to construct this signal. This reveals the
different assumptions and mechanisms behind progress estimation and reward generation. Finally, we
examine the data and benchmarks that support these methods. This shows how progress supervision is
obtained and what different evaluations actually measure. Together, these three perspectives connect
what a progress model is, how it is built, and how its quality is validated. We further summarize the
main limitations of current approaches and discuss future research directions.

https://github.com/sterzhang/Awesome-Progress-Models

1 Introduction

Robotic learning takes place in dynamic, sequential, and high-dimensional environments (Lu et al., 2024; Wu
et al., 2025; Generalist AI Team, 2025; Physical Intelligence, 2026; NVIDIA, 2025). A robot must interact
with objects and the physical world over many steps, and similar actions can have very different effects on
task progress depending on the current state and goal (Intelligence et al., 2025; Ye et al., 2026). The same
task may also be completed through different action sequences (Yuan et al., 2026; Baumli et al., 2023). These
properties create a large behavior space and make it difficult to learn only from final task outcomes.

Most robotic learning systems rely on a terminal success signal(Liu et al., 2023; Chen et al., 2026b; Lu et al.,
2026). Such a signal tells the robot whether the task was eventually completed, but provides little information
about the intermediate execution. It cannot explain whether an action moves the task forward, makes no
meaningful change, or undoes earlier progress. This problem becomes more severe in long-horizon tasks, where
successful outcomes are rare and many decisions must be made before receiving any useful feedback (Chen
et al., 2026c; Yong et al., 2026).

Progress rewards provide a richer signal by describing how task execution changes over time. They can provide
dense feedback before the task is completed and improve credit assignment during policy learning. They can
also help distinguish useful behavior from irrelevant motion, identify stagnation or regression, and detect
failures before the final outcome. Beyond policy learning, progress signals can support online monitoring,
trajectory reranking, data filtering, planning, action selection, and failure recovery. A reliable progress model
can therefore serve not only as a reward function, but also as a general evaluator of ongoing robot behavior.
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Figure 1 Evolution of progress reward modeling for robotic learning.

However, estimating progress is more difficult than predicting whether a task has succeeded. Success detection
is usually a binary decision about whether the final goal has been reached. Progress estimation must instead
place the current observation within the evolving execution of a longer task. The model must infer which
parts of the task have been completed, what is currently happening, and how far the execution remains from
the goal. This mapping is also task-conditioned, because the same observation may represent different stages
or different amounts of progress under different tasks. Moreover, the current observation may not contain
enough information by itself, since progress can depend on earlier actions, completed subgoals, and whether
previous progress has been undone. Progress is therefore a latent and history-dependent task state rather
than a directly observable property of an image or frame. A progress model must decide what evidence is
relevant and how that evidence should be mapped to task advancement.

Recent years have seen rapid growth in progress reward modeling, as illustrated in Figure 1. Early studies
learned goal proximity and reward representations from demonstrations, temporal ordering, and visual goal
structure (Lee et al., 2021; Ma et al., 2023b,a; Sermanet et al., 2017). Later work explored foundation-model
similarity scores and language-conditioned rewards (Baumli et al., 2023; Rocamonde et al., 2024; Nair et al.,
2022), preference-based reward learning (Wang et al., 2024; Liu et al., 2024; Yang et al., 2024), and automatic
reward generation with language models (Xie et al., 2024; Yu et al., 2023; Ma et al., 2024; Venuto et al., 2024).
More recent systems use large Vision-Language Models to estimate task progress and completion (Zhang
et al., 2026a; Liang et al., 2026; Lee et al., 2026; Chen et al., 2026a), compare state transitions and model
progress changes (Zhai et al., 2025; Tan et al., 2025; Mao et al., 2026), detect task success (Du et al., 2023),
and reason over long executions with explicit temporal memory (Zhang et al., 2026b). This growing body of
work shows that progress modeling is becoming an important direction in robotic learning.

Despite this progress, the literature remains fragmented. Methods described under similar terms often solve
different problems. One method may predict a success probability from a single image, while another estimates
a progress percentage from a video, compares two trajectories, or generates an executable reward program.
They also differ in how task goals are specified, how supervision is obtained, and how their outputs are used.
Their evaluations are similarly heterogeneous. Temporal ordering, scalar prediction error, preference accuracy,
success detection, and downstream policy performance validate different properties. As a result, it is difficult
to compare methods directly or determine what their reported results actually demonstrate.

In this survey, we provide a unified view of progress reward modeling for robotic learning. We organize this
diverse field in three connected steps. First, Section 2 studies the interface of progress models. We treat each
model as a task-conditioned black box and examine how it represents the current task state, how it specifies
the task goal, and what form of progress-related output it produces. This view allows methods with different
architectures to be compared through a common input–output structure.
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Figure 2 Interface of progress models. We organize existing progress-model interfaces from three perspectives: current
task-state representation, task-goal specification, and model output form.

Second, Section 3 opens this black box and examines how progress rewards are constructed. We organize
existing approaches according to the source of the progress signal and the mechanism that converts it into a
usable reward. This perspective reveals the assumptions behind frozen foundation-model scoring, temporal
and relative learning, instruction-tuned progress prediction, and programmatic reward construction.

Third, Section 4 connects these methods to their data and evaluation evidence. We examine how progress
supervision is produced through human annotation, human-guided automation, or fully automated procedures.
We then distinguish benchmarks of progress fidelity from evaluations of robustness, generalization, and
downstream utility. This distinction is important because a reward may improve a policy without faithfully
representing progress, while an accurate progress estimator may still be unsuitable for closed-loop control.

Scope and contributions. This survey focuses on progress and progress-like reward models for robotic learning.
Rather than treating all reward models as a single category, we study how they define, construct, supervise,
and evaluate task advancement. Our contributions are threefold. First, we introduce an interface-based
view that organizes progress models through task-state representation, goal specification, and output form.
Second, we provide a taxonomy of the main mechanisms used to construct progress rewards and clarify their
underlying assumptions. Third, we connect data-construction pipelines with evaluation protocols and explain
what different benchmarks can and cannot validate. We further summarize the main limitations of current
methods and discuss future directions in Section 5.

2 Interface: Input and Output of Progress Models

The interface of a progress model determines what evidence the model can access and what kind of progress
or reward signal it can provide. As illustrated in Figure 2, we organize the interface around three questions.
For the input interface, the key questions are: (i) how the current task state is represented (section 2.1) and
(ii) how the task goal is specified (section 2.2). For the output interface, the key question is: (iii) what form
the model output takes (section 2.3).

2.1 Input Interface: How Is the Current Task State Represented?
Single-observation inputs are the simplest: the model receives the current observation and a task condition,
and directly estimates reward, success, value, or goal proximity. This design assumes that the current state
contains enough evidence to judge progress. It appears in task-completion or perceptual reward models (Singh
et al., 2019; Lee et al., 2021; Yang et al., 2024; Sermanet et al., 2017), as well as CLIP-based or modern
VLM-based reward methods that compare observations with either language or visual goals (Baumli et al.,
2023; Rocamonde et al., 2024; Mahmoudieh et al., 2022; Cui et al., 2022; Ma et al., 2023a; Yang et al., 2023;
Hung et al., 2025; Zhang et al., 2026a). The advantage is low latency and easy online use; the limitation is
that visually similar states can have different meanings depending on the execution history.
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Temporal context addresses partially solve this ambiguity by feeding the model a sequence of observations. For
online progress estimation that the model can directly output while the task is still ongoing, many methods
use a trajectory prefix or a short recent window, allowing the model to infer what has already happened
before predicting the current progress (Chen et al., 2026a; Mao et al., 2026; Zhang et al., 2025; Alakuijala
et al., 2025; Escontrela et al., 2023; Zhang et al., 2026b; Liang et al., 2026; Lee et al., 2026; Chen et al., 2025b;
Du et al., 2023; Kim et al., 2025). Other methods use the full trajectory as input after the task execution to
score behavior, rank rollouts, generate preference labels, or analyze temporal progress offline (Guan et al.,
2024; Chen et al., 2021; Ma et al., 2025; Budzianowski et al., 2025; Liu et al., 2024). The key tradeoff is clear:
longer context gives stronger temporal evidence, but weakens online usability.

A third interface estimates progress through comparison. Instead of judging whether a single state is good
in isolation, the model compares two or more reference states, such as before and after an action, initial
and current observations, current and goal states, or two candidate rollouts. In this formulation, progress
becomes a relational judgment rather than an intrinsic property of one observation. Before-after comparison
is naturally suited to estimating progress deltas, dense rewards, and preference labels (Zhai et al., 2025; Nair
et al., 2022; Ma et al., 2023b; Wang et al., 2024). Initial-current comparison provides a more global view of
how far the execution has moved from the start (Yan et al., 2026; Yong et al., 2026), while goal-conditioned
comparison grounds the current state or transition against the desired endpoint (Bhateja et al., 2023; Tan
et al., 2025). Comparison-based interfaces are often more informative and intuitive, but local comparisons can
still miss long-horizon dependencies and may suffer from accumulated errors when progress is inferred through
a chain of pairwise judgments.

Finally, some methods use state-access interfaces, such as environment code, simulator APIs, training statistics,
or proprioceptive features, to construct rewards (Yu et al., 2023; Xie et al., 2024; Ma et al., 2024; Venuto
et al., 2024; Chen et al., 2025a; Cabi et al., 2020). These interfaces can be highly effective when the relevant
task state is explicitly represented and directly accessible. However, this assumption is often unrealistic
in real-world settings, where progress-relevant variables are usually noisy, incomplete, task-dependent, or
unavailable through a clean API. Thus, state-access interfaces are most practical in simulation or instrumented
environments, but less suitable for open-ended real-world physical scenes.

2.2 Input Interface: How Is the Task Goal Specified?
Language-conditioned goals are used in most progress reward models (Liang et al., 2026; Chen et al., 2026a;
Zhai et al., 2025; Baumli et al., 2023; Rocamonde et al., 2024; Xie et al., 2024; Lee et al., 2026; Hung et al.,
2025; Guan et al., 2024; Nair et al., 2022; Mahmoudieh et al., 2022; Mao et al., 2026; Yu et al., 2023; Ma
et al., 2023a; Budzianowski et al., 2025; Nair et al., 2023; Zhang et al., 2025; Chen et al., 2025b; Du et al.,
2023; Wang et al., 2024; Alakuijala et al., 2025; Yang et al., 2023; Kim et al., 2025). The main reason is
that language goals are easy to encode, compatible with existing language or vision-language models, and
often effective for relatively simple tasks. However, language can underspecify the physical details of progress,
especially as tasks become longer, more compositional, and more interaction-dependent.

Vision-conditioned goals provide a more direct specification of the desired execution process. A goal image,
goal state, or demonstration trajectory can capture physical details that are difficult to describe with language
alone. Goal-image and visual-reference methods compare the current observation against a desired visual
endpoint (Singh et al., 2019; Ma et al., 2023b; Yang et al., 2024; Bhateja et al., 2023; Tan et al., 2025; Cui
et al., 2022; Venuto et al., 2024), while demonstration-conditioned methods use a full trajectory to specify not
only the final state but also the intended procedure (Chen et al., 2025a, 2021; Lee et al., 2021; Liu et al., 2024;
Sermanet et al., 2017; Zhang et al., 2026a). Visual goals therefore reduce linguistic ambiguity and provide
richer physical and dynamic grounding. However, they typically require manually curated goal images or
demonstrations, and can be sensitive to visual variations such as viewpoint changes, embodiment differences,
object appearance, and scene layout.

A third form of goal specification is structured or programmatic goals. In simulation or API-rich environments,
the task goal can be expressed through predicates, object states, constraints, or generated objective functions.
This interface supports precise, dense, and compositional reward construction (Xie et al., 2024; Ma et al., 2024;
Yu et al., 2023; Venuto et al., 2024; Yong et al., 2026). However, it relies on access to explicitly represented
state variables, which is often unavailable in open-ended real-world settings. Thus, structured or programmatic
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goals are most effective in simulation or instrumented environments, but less suitable when progress must be
inferred from raw visual observations.

2.3 Output Interface: What Does the Model Predict?
The output interface determines how a model prediction is interpreted as progress. Different progress models
may output scalar scores, transition-level deltas, rankings or preferences, or executable reward functions.
Although these outputs can all be used as progress signals, they encode progress in different ways: some
estimate how desirable a state is, some measure whether a transition moves the task forward, some define
progress only through comparison, and some specify a reward computation procedure.

The most common output is a state-wise scalar score. Such a score maps a state or clip to a single number,
which is then interpreted as task progress, success likelihood, value, goal similarity, or distance-to-goal. For
explicit progress estimation, the scalar directly represents how far the task has advanced (Liang et al., 2026;
Tan et al., 2025; Hung et al., 2025; Chen et al., 2025b; Kim et al., 2025; Zhang et al., 2026a). For success or
completion models, the scalar is interpreted as progress indirectly: higher completion likelihood implies that
the current state is closer to task success (Chen et al., 2026a; Baumli et al., 2023; Du et al., 2023; Escontrela
et al., 2023; Yang et al., 2023; Lee et al., 2026; Budzianowski et al., 2025). Similarly, value, similarity, or
distance-based methods treat progress as increasing value, increasing similarity to the goal, or decreasing
distance from the goal (Rocamonde et al., 2024; Lee et al., 2021; Ma et al., 2025, 2023b; Zhang et al., 2025;
Alakuijala et al., 2025; Bhateja et al., 2023; Sermanet et al., 2017; Ma et al., 2023a). Thus, state-wise scores
provide the most direct and reusable output form, but their meaning depends on how the scalar is calibrated
and what semantic quantity it is intended to approximate.

A second output form is progress delta. Instead of estimating the absolute progress of a state, the model
predicts whether a transition improves or worsens the task state. In this case, progress is represented as a local
change between two observations, such as before and after an action. VLAC directly predicts signed relative
progress from before-after observations (Zhai et al., 2025), ARM models local advantage-like progress for
long-horizon manipulation (Mao et al., 2026), and Robo-Dopamine learns hop values between state pairs (Tan
et al., 2025). Delta outputs are naturally aligned with reinforcement learning. However, because they describe
local improvement rather than global task completion, they usually need to be accumulated or combined over
time to recover total progress.

A third output form is ranking. Here progress is not represented by an absolute score, but by an ordering over
states, clips, or trajectories. A state or trajectory is considered more advanced if it is preferred over another
reference (Cui et al., 2022; Liu et al., 2024; Wang et al., 2024; Yang et al., 2024; Cabi et al., 2020). This output
is often easier to supervise than calibrated reward values because models can usually compare alternatives
more reliably than assign absolute scores. However, preference outputs define progress only relatively and in
an indirect way, and therefore must usually be converted into a scalar reward for later use.

Finally, programmatic methods output reward functions rather than values. Here, progress is encoded as an
executable computation over available state variables, features, or observations (Xie et al., 2024; Yu et al., 2023;
Ma et al., 2024; Venuto et al., 2024; Chen et al., 2025a). This output can be flexible and interpretable because
it explicitly specifies how progress should be computed. However, its reliability depends on whether the
generated code, available state variables, and engineered features truly capture the intended task objective.

3 Methods: How Are Progress Rewards Constructed?

This section focuses on how progress rewards are constructed. As illustrated in Figure 3, we organize existing
methods by the mechanism through which progress signals are obtained and converted into usable rewards. We
identify four main paradigms: frozen foundation-model scoring, learning from temporal or relative supervision,
instruction-tuned progress prediction, and programmatic reward construction.
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Figure 3 Construction of progress rewards. We organize existing methods into four paradigms according to where the
progress signal comes from and how it is converted into a usable reward.

3.1 Frozen Foundation Models as Semantic Reward Scorers
The simplest paradigm does not train a reward model at all. Instead, it directly extracts reward-like signals
from pretrained foundation models. CLIP-style methods compute image-text similarity between the current
observation and the language goal, and use the resulting alignment score as reward (Baumli et al., 2023;
Rocamonde et al., 2024; Mahmoudieh et al., 2022). TOPReward moves this idea from embedding space to
token space. It prompts a frozen VLM with a task-completion question and uses the probability of the “true”
token as a hidden reward (Chen et al., 2026a). GVL and OpenGVL further use VLMs to estimate temporal
progress or frame ordering from videos (Ma et al., 2025; Budzianowski et al., 2025).

The main strength of this paradigm is zero-shot usability. No task-specific reward labels or fine-tuning are
required. However, the resulting score is better understood as a semantic prior than as a calibrated progress
reward. Therefore, these methods often need normalization, thresholding, differencing, or prompt engineering
before their outputs can be used as rewards.

3.2 Learning Rewards from Temporal and Relative Supervision
A second group of methods learns rewards from supervision to determine which state is closer to the goal
or which behavior shows more progress. One common source of supervision is the temporal order within
successful demonstrations. These methods often assume that later states are closer to task completion than
earlier states. Goal-proximity imitation learning uses demonstration time as a proxy for progress and converts
changes in goal proximity into rewards (Lee et al., 2021). VIP learns a visual representation in which the
distance between the current state and the goal reflects goal reachability, allowing this distance to be used as
a reward (Ma et al., 2023b). Other methods construct rewards from perceptual distance or detected subtask
structure (Sermanet et al., 2017; Kim et al., 2025). A related form of supervision is reward sketching, where
users provide coarse reward curves instead of labeling every timestep (Cabi et al., 2020).

Another source of supervision is preference or ranking information. Instead of assigning an absolute progress
value, these methods compare two states, clips, or trajectories and determine which one is better. RL-VLM-F
uses a frozen VLM to generate pairwise preferences and then trains a scalar reward model from these
comparisons (Wang et al., 2024). PEARL transfers preference information across different tasks (Liu et al.,
2024), while Rank2Reward learns shaped reward functions from rankings of passive videos (Yang et al., 2024).
Relative supervision is usually easier to collect than accurate progress scores, but it does not directly provide
a usable scalar reward. The learned comparisons must still be converted into a reward function, and the result
may depend on whether the observed preferences can be represented by a single consistent score.
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3.3 Instruction-Tuned Progress Prediction
A third paradigm formulates progress estimation as an explicit instruction-following task for foundation models.
Rather than relying only on frozen semantic priors or weak temporal structure, these methods specify the
desired progress judgment through task-specific prompts and then fine-tune VLMs or video-language models
to follow this instruction.

Depending on the formulation, the model may be asked to predict absolute progress, task success, relative
improvement, preferences, or reasoning-grounded progress scores. Training examples therefore pair visual
observations or trajectories with explicit progress-related instructions and target responses, enabling the model
to acquire progress estimation as a dedicated capability. RoboReward fine-tunes VLMs with rubric-based
prompts to produce structured progress scores over robot rollouts (Lee et al., 2026). Robometer jointly trains
progress, success, and preference prediction, allowing a shared model to answer multiple progress-related
instructions from dense labels and trajectory comparisons (Liang et al., 2026). Robo-Dopamine estimates
hop-based progress from initial, goal, before, and after observations (Tan et al., 2025), while VLAC is trained to
follow before-after comparison prompts and predict signed progress changes (Zhai et al., 2025). Video-Language
Critic learns to map successful and failed video clips to transferable scalar reward judgments (Alakuijala et al.,
2025). ProgressLM further trains VLMs to generate explicit progress reasoning before predicting progress,
using instruction tuning to ground the final score in procedural understanding (Zhang et al., 2026a).

The key idea is that progress prediction is not treated as an implicit by-product of visual representation
learning. Instead, it is explicitly defined in the prompt, supervised in the training targets, and learned as an
instruction-following capability of the model.

3.4 Programmatic Reward Construction
Instead of directly estimating a reward value from observations, some methods represent rewards as executable
programs. They translate progress estimation tasks into code, predicates, feature functions, or structured
reward logic that can be evaluated during policy learning. Text2Reward and Language2Rewards convert
natural-language task descriptions into executable reward functions (Xie et al., 2024; Yu et al., 2023). Eureka
further refines LLM-generated reward programs using feedback from policy training (Ma et al., 2024). Code as
Reward uses VLM reasoning to synthesize executable reward logic from visual task descriptions (Venuto et al.,
2024), while ELEMENTAL combines VLM-generated feature functions with inverse reinforcement learning to
construct task rewards (Chen et al., 2025a). These methods are particularly effective when a task can be
decomposed into explicit subgoals, predicates, geometric relations, or environment states exposed through
APIs. Their flexibility also makes the resulting reward functions relatively interpretable and easy to modify.
However, they shift a substantial part of the challenge from reward prediction to task decomposition, feature
design, and reliable state access. When the available symbolic variables or APIs fail to capture important
aspects of the task, the generated reward may be precise with respect to its implementation yet still misaligned
with the intended behavior.

4 Data and Benchmarks

This section examines how progress supervision is constructed and how progress models are evaluated. As
illustrated in Figure 4, we first organize progress-data construction by the degree of human involvement.
We then group existing benchmarks according to three evaluation goals: progress fidelity, robustness and
generalization, and downstream utility. This organization connects how progress supervision is obtained with
what different evaluation results can actually validate.

4.1 Data: How Is Progress Supervision Constructed?
Progress models require trajectories together with supervision describing task completion, progress change,
or relative behavior quality. Existing works obtain such supervision through direct human judgments,
combinations of human input and automated processing, or fully automatic rules and models. To organize
these practices, we characterize progress-data construction by the degree of human involvement. This perspective
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Figure 4 Data and benchmarks for progress modeling. We organize progress-data construction by the degree of human
involvement and group benchmarks into progress fidelity, robustness and generalization, and downstream utility.

reveals a central trade-off: human supervision provides stronger semantic grounding, whereas automation
enables greater scale.

Human-driven construction. Human-driven pipelines rely on people to provide task executions or define
progress directly. Human operators collect robot demonstrations through teleoperation or record human task
videos, thereby providing successful or imperfect executions grounded in real behavior (Chen et al., 2026a;
Tan et al., 2025; Zhai et al., 2025; Ma et al., 2025, 2023a; Zhang et al., 2025). Annotators may assign scalar
progress scores (Lee et al., 2026; Rocamonde et al., 2024), identify success cutoffs (Liang et al., 2026; Du
et al., 2023), or mark keyframes and subtask boundaries (Tan et al., 2025; Chen et al., 2025b; Kim et al.,
2025). Other forms of human supervision include drawing trajectory-level reward sketches (Cabi et al., 2020)
and comparing executions or annotating undesirable behavior (Guan et al., 2024; Liu et al., 2024).

The main advantage is that humans can capture task semantics that are difficult to infer from time or state
variables alone, such as grasp stability, acceptable contact, or implicit behavioral preferences. However, dense
manual annotation is costly, subjective, and difficult to scale, especially for long-horizon tasks with multiple
valid strategies.

Human-in-the-loop construction. Human-in-the-loop pipelines use sparse human input to guide, constrain,
or verify automated processing. A common strategy is to annotate only success frames, keyframes, or stage
boundaries and then interpolate dense progress labels between these semantic anchors (Tan et al., 2025; Chen
et al., 2025b; Du et al., 2023; Zhang et al., 2026a). Models may instead propose stage labels or progress
annotations that are subsequently checked and corrected by humans (Kim et al., 2025; Hung et al., 2025).
Active-learning methods further reduce cost by requesting human labels only for uncertain or informative
states (Singh et al., 2019; Liu et al., 2024).

Human involvement may also occur through the design of prompts, task vocabularies, templates, environment
abstractions, or reward APIs, after which LLMs or scripts generate annotations and reward specifications at
scale (Yu et al., 2023; Xie et al., 2024; Venuto et al., 2024). Human inspection or rollout feedback can then be
used to revise incorrectly generated labels or rewards (Ma et al., 2024; Chen et al., 2025a). Thus, humans
preserve semantic control while automation provides density and scale, although sparse verification may still
fail to detect systematic labeling errors.

Fully automated construction. Fully automated pipelines derive progress supervision without instance-level
human annotation. The most common approach uses temporal structure: later frames in successful demon-
strations are treated as closer to completion, producing normalized progress labels, goal-proximity targets,
or pairwise rankings (Lee et al., 2021; Ma et al., 2023b, 2025; Budzianowski et al., 2025; Yang et al., 2024;
Bhateja et al., 2023). Before–after pairs can similarly be labeled according to their temporal distance or
relative progress change (Zhai et al., 2025; Tan et al., 2025). Such supervision is highly scalable, but it
assumes that task progress is sufficiently correlated with time.
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Structured environments provide another automatic source of labels. Simulator states, object poses, geometric
predicates, and ground-truth rewards can generate success labels, stage indices, continuous progress, or
trajectory preferences (Baumli et al., 2023; Cui et al., 2022; Mahmoudieh et al., 2022; Ma et al., 2023a).
Expert policies and motion planners can generate successful trajectories (Escontrela et al., 2023), while noisy
or randomized policies produce failed executions (Alakuijala et al., 2025; Chen et al., 2021). These labels are
consistent and inexpensive, but they only capture properties represented by the available states and predicates.

Foundation models can also serve as automatic annotators. LLMs and VLMs generate subgoal decompositions,
stage boundaries, language variants, progress scores, and pairwise preferences (Hung et al., 2025; Mao et al.,
2026; Yong et al., 2026; Wang et al., 2024). However, model-generated supervision inherits the biases and
errors of the annotating model.

Automation is also used to broaden behavior coverage. Successful trajectories can be truncated, reversed,
paired with mismatched instructions, or perturbed with action noise to create partial, regressing, and failed
examples (Zhang et al., 2025; Zhai et al., 2025; Lee et al., 2026; Liang et al., 2026; Yang et al., 2023). Such
augmentation reduces success-only bias, but synthetic failures must remain physically plausible to avoid
introducing exploitable artifacts.

4.2 Benchmarking Progress Fidelity
The most direct benchmark question is whether a model output faithfully represents task progress. However,
progress fidelity is not a single property: different reference signals test calibration, temporal consistency,
relative ordering, task grounding, or uncertainty.

Scalar calibration evaluates whether predicted scores agree with explicit progress references, such as completion
percentages, rubric scores, stage labels, or hop-based progress values (Lee et al., 2026; Zhang et al., 2026a;
Chen et al., 2025b; Mao et al., 2026; Tan et al., 2025). Typical metrics include regression error and correlation,
which can provide the most direct evidence that a model estimates absolute progress.

Temporal consistency evaluates whether predicted scores recover the progression of a trajectory. Ordering
accuracy, rank correlation, and monotonicity-based metrics test whether later states in successful demon-
strations tend to receive higher scores than earlier states (Ma et al., 2025; Budzianowski et al., 2025; Chen
et al., 2026a; Zhang et al., 2025; Zhai et al., 2025; Tan et al., 2025). This evaluation primarily measures
chronological consistency rather than absolute calibration.

Relative progress benchmarks evaluate whether the model correctly orders states, clips, or trajectories by
task advancement or quality (Liang et al., 2026; Yang et al., 2024; Wang et al., 2024). They are particularly
suitable for preference learning and trajectory selection because pairwise judgments are often easier to obtain
than calibrated scalar labels.

Task grounding benchmarks test whether the predicted progress is conditioned on the specified goal rather
than on generic motion, scene change, or temporal position. Counterfactual instructions, mismatched video–
language pairs, and contrastive task prompts are commonly used to verify that the same observation receives
different judgments under different goals (Zhang et al., 2025; Zhai et al., 2025; Ma et al., 2025). This distinction
is essential because a smooth and temporally plausible reward curve may still be incorrect if the model ignores
the task instruction.

Finally, answerability and uncertainty benchmarks evaluate whether the model can recognize when progress
cannot be reliably inferred (Zhang et al., 2026a,b). Progress may be ambiguous because of occlusion, missing
history, insufficient viewpoints, or underspecified goals. A model that always returns a confident score can
therefore be unsafe even when its average prediction error is low. Benchmarking selective prediction, abstention,
or confidence calibration is necessary to distinguish reliable progress estimation from forced guessing.

4.3 Benchmarking Robustness and Generalization
Beyond matching reference labels, a progress model should preserve its meaning under changes in tasks,
observations, embodiments, and execution behavior. Robustness benchmarks test whether the learned notion of
progress reflects transferable task structure rather than dataset-specific shortcuts.
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Task generalization evaluates performance on unseen tasks, instructions, objects, or task families (Zhang et al.,
2025, 2026a; Liu et al., 2024; Alakuijala et al., 2025; Zhang et al., 2026a). Viewpoint and scene robustness
evaluate whether progress estimates remain stable under camera changes, occlusion, distractors, background
variation, and differences between demonstration and deployment views (Zhang et al., 2026a; Du et al., 2023).
Cross-view evaluation tests whether the model captures task-relevant state rather than superficial visual
similarity matching. Cross-embodiment generalization evaluates whether progress knowledge learned from
humans, passive videos, or one robot platform transfers to another embodiment (Ma et al., 2025; Alakuijala
et al., 2025; Ma et al., 2023b,a; Nair et al., 2023; Bhateja et al., 2023; Chen et al., 2021; Sermanet et al.,
2017). Such transfer is attractive because human and Internet videos are far more abundant than robot
demonstrations. However, it is challenging because embodiments differ in kinematics, contacts, feasible actions,
viewpoints, and execution styles. The most demanding robustness setting is non-monotonic and imperfect
execution. Real policies may fail, regress, retry an action, revisit an earlier state, or complete subtasks in an
unusual order (Liang et al., 2026; Lee et al., 2026; Zhai et al., 2025; Zhang et al., 2025; Mao et al., 2026; Chen
et al., 2025b; Hung et al., 2025; Tan et al., 2025; Yong et al., 2026). Benchmarks based only on successful and
monotonic demonstrations cannot reveal whether a model distinguishes genuine progress from elapsed time.
Evaluating failures, reversals, plateaus, and recovery behavior is therefore necessary for deployment-relevant
progress estimation.

4.4 Benchmarking Downstream Utility
Progress models are ultimately intended to support robot learning and decision making. Accordingly, many
benchmarks evaluate whether their outputs improve policy learning, trajectory selection, data curation, or
planning. A reward may be useful without being calibrated, while a well-calibrated estimator may still be too
sparse, noisy, or expensive for control.

Online policy learning evaluates whether a progress reward is dense, stable, and sufficiently aligned to support
interactive reinforcement learning (Lee et al., 2026; Liang et al., 2026; Zhang et al., 2025; Zhai et al., 2025;
Yang et al., 2024; Wang et al., 2024; Xie et al., 2024; Ma et al., 2024; Venuto et al., 2024). Success rate, sample
efficiency, and learning stability are common metrics. However, these results are influenced by exploration,
policy architecture, reset design, and environment dynamics. Improved policy performance does not by itself
demonstrate that the reward is a faithful progress estimator.

Offline learning and reward relabeling evaluate whether a model can assign useful signals to fixed datasets
containing successful, partial, failed, or heterogeneous trajectories (Liang et al., 2026; Zhang et al., 2025;
Bhateja et al., 2023; Cabi et al., 2020). This setting tests whether the reward remains meaningful on behavior
generated by different policies and whether it can support offline reinforcement learning, data weighting, or
trajectory filtering. It is especially sensitive to reward calibration outside the distribution of high-quality
demonstrations.

Retrieval, filtering, and reranking benchmarks use progress scores to identify useful demonstrations, detect
failures, rank candidate rollouts, or select the best result from multiple attempts (Ma et al., 2025; Budzianowski
et al., 2025; Liang et al., 2026; Du et al., 2023; Lee et al., 2026; Tan et al., 2025; Alakuijala et al., 2025;
Chen et al., 2025a; Guan et al., 2024). These evaluations primarily test comparative judgment. They may
therefore succeed even when the score lacks an absolute interpretation, and should not be treated as evidence
of calibrated progress.

Planning and action selection impose a stronger requirement: the reward landscape must be smooth, informative,
and query-efficient enough to evaluate hypothetical states or candidate actions (Ma et al., 2023a,b; Chen
et al., 2021; Nair et al., 2022; Yu et al., 2023; Xie et al., 2024; Venuto et al., 2024). A reward that correctly
recognizes final success may still be ineffective for planning if it is sparse, discontinuous, visually brittle, or
computationally expensive. Planning benchmarks therefore test whether the progress signal provides useful
local guidance, not merely whether it recognizes completed tasks.
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5 Limitations and Future Directions

Despite recent progress, current progress models still face several practical limitations. In particular, they often
lack fine-grained sensitivity, adaptive temporal modeling, efficient online inference, and reliable long-horizon
memory. Addressing these limitations is necessary before progress rewards can be widely used in real-time
robotic learning.

First, current progress estimation remains too coarse-grained. Many models use sparsely sampled frames, short
clips, discrete progress bins, or broad task stages (Liang et al., 2026; Chen et al., 2026a; Tan et al., 2025; Chen
et al., 2025b). Such representations can capture major task transitions, but may miss small yet important
changes, such as precise alignment, slight object motion, unstable grasping, or early contact failure. Future
models should provide finer spatial and temporal resolution and combine visual evidence with proprioception,
force, tactile sensing, or other signals that reveal subtle physical progress.

Second, progress should not be assumed to change at a fixed rate. Many existing methods use temporal order
or normalized timestamps as supervision, which encourages progress to increase smoothly with time (Lee
et al., 2021; Ma et al., 2023b, 2025; Zhang et al., 2025; Zhai et al., 2025). However, real task progress is often
uneven. A major subgoal may cause a sudden increase, while waiting, searching, or careful alignment may
produce a long plateau. The model must also distinguish slow but meaningful execution from behavior that
makes no progress. Future work should develop temporally adaptive progress models that adjust the magnitude
of progress changes according to task events, execution speed, and stage difficulty, while also representing
stagnation and regression.

Third, inference latency limits online deployment. Large Vision-Language Models often need to process mul-
tiple frames, interpret the task instruction, and reason about the current execution before producing a
reward (Alakuijala et al., 2025; Liang et al., 2026; Zhang et al., 2026b; Yan et al., 2026). This cost may be
acceptable for offline evaluation, but it is difficult to use at every control step. Future systems should explore
streaming visual encoders, cached task representations, model distillation, and hierarchical reward querying.
A lightweight model could handle frequent local updates, while a larger model is called only at important task
transitions or uncertain states.

Finally, long-horizon progress requires stronger and more explicit memory. In many tasks, visually similar
observations may correspond to different stages or different amounts of progress because their meanings
depend on the preceding execution history. The current observation alone may not reveal which subgoals
have already been completed, in what order they occurred, or whether earlier progress has been preserved or
undone. Repeated actions provide a simple example: when a robot must pick and place several objects, the
first and second picking actions may look nearly identical, although they represent different completion counts.
A memoryless model may therefore assign similar progress values to states that occupy different positions in
the overall task. Short observation windows provide only limited support when the relevant events lie outside
the window (Zhai et al., 2025; Liang et al., 2026; Mao et al., 2026; Chen et al., 2025b). Future progress models
should maintain compact task memory that records completed, pending, and invalidated subgoals, as well as
other history-dependent information required to locate the current observation within the full task execution.
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