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Extended Abstract

Problem. Sparse-reward manipulation is, at its core, a credit-assignment problem. On Gymnasium-
Robotics Fetch [3] (Push, PickAndPlace, Slide), a fresh policy succeeds on fewer than one in a
hundred episodes. The reward is −1 at every step until the goal is reached, so the only informative
event is the goal-reaching transition, which a fresh policy almost never hits within the 50-step horizon.
HER patches over part of this by relabeling failures against whatever goal the agent did reach, but it
cannot say which timestep made the failure inevitable. PER has its own failure mode: it upweights
transitions with large TD-errors, but the sparse regime is exactly the one where the TD signal is
missing. The VLM-RB approach of Sharony et al. [17] keeps separate TD-based and VLM-based
priority channels and mixes them at the sampling stage; we instead let the VLM score modulate the
TD priority multiplicatively, and add a counterfactual channel that the simulator verifies by re-running
the proposed action sequence and only accepting it if the env’s sparse reward fires.

Methodological contributions. (1) Semantic PER as posterior reweighting. Read the VLM as an
approximation qϕ(t

⋆ |τ) to the posterior over which timestep doomed the episode. Multiply that into
the TD-error priority. PER’s standard importance-sampling weight remains a sound correction, with a
bias bound we can write down; miscalibration inflates the variance of µ, but it does not bias the value
target. The additive VLM-RB mixture, by contrast, quietly retargets the Bellman loss to a λ-weighted
objective and does not correct for the shift. (2) VLM-Verified Counterfactual Hindsight. Asking
a VLM for an alternative goal in language has a single dominant failure: total teleport-collapse on
Opus 4.7 over FetchPush. Our workaround is structural: ask instead for a corrective action sequence,
run it in a fork of the training simulator, and only write the trajectory to the buffer if the env’s own
sparse reward fires. Confidence is then exactly 1.0. Modeling error is exactly zero.

Main findings. (i) Both VLM-based methods beat sparse-reward baselines on the hardest task.
On FetchSlide, verified-CF reaches mean success 0.617 across three seeds, +0.43 over HER@250k
(0.18) and +0.51 over PER@3M (0.10). VLM-CF reaches 0.55. Across all three Fetch envs,
verified-CF averages 0.61 and VLM-CF averages 0.62; the two are statistically indistinguishable at
n=3. FetchSlide is where TD-error gives nearly no signal due to ballistic control, so gains there
are evidence the VLM signal fills exactly the gap where standard credit assignment breaks down
(Fig. 1). (ii) The semantic signal carries the lift, not the relabeling mechanism. A hand-designed
counterfactual baseline using geometric rules in place of a VLM only improves HER by +0.05 on
FetchPickAndPlace at 250k steps. Swapping in the VLM produces the gains in (i). The model’s
semantic grasp of near-success trajectories is what drives the lift, not the act of relabeling. (iii) One
prompt template generalizes across all three Fetch tasks. A single format-string lands succeeds
on parse, task-relevance, and plausibility across Push, PickAndPlace, and Slide.
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1 Introduction

Learning policies from sparse environment rewards has seen many recent successes in goal-
conditioned robotic manipulation [1, 6, 13]. However, to obtain a successful policy, the agent
often has to take many environment steps and observe its failure cases, then accumulate enough
positive transitions in the replay buffer to drive the value target. This process is broadly referred to as
off-policy goal-conditioned reinforcement learning. However, doing this effectively in sparse-reward
settings still faces the following challenges:

How to collect informative replay-buffer prioritization data? PER is most effective when the
prioritization data is within the original policy’s induced state-action distribution [16]. In practice, the
common approach is either (1) prioritizing transitions by TD-error magnitude [16], or (2) prioritizing
transitions by trajectory-level VLM scores [17]. However, in both cases, the prioritization signal has
no access to the timestep at which an episode’s failure became inevitable and may deviate excessively
from it. PER additionally introduces priority discontinuity when transitions do not instantly reflect
the exact same TD-error after value updates. This is partially due to the lack of effective prioritization
interfaces that support precise and instantaneous credit assignment.

How to effectively update the replay buffer with new hindsight relabels? Prior methods for
relabeling failed trajectories with alternative goals include (1) hindsight experience replay using
achieved goals from the aggregated trajectory [1], which can be sensitive to the achieved-goal
distribution; (2) eliciting an alternative goal from a frozen VLM [8, 14], which is sensitive to the
prompt schema [17]; and (3) training a residual relabel proposal separately on top of the original
buffer, which is typically done with imitation learning [19] or RL [7, 10], both of which require a
large number of samples.

In this work, we address these questions by proposing VLM-Verified Counterfactual Hindsight
(verified-CF), consisting of two critical components:

Semantic PER formulation. We propose a multiplicative combination of the standard PER priority
and a frozen VLM’s trajectory-conditional posterior over the timestep at which an episode’s failure
became inevitable. Leveraging the importance-sampling machinery already part of PER, the multi-
plicative form keeps PER’s IS (importance-sampling) correction trajectory-conditionally well-defined
with a bounded bias term (Appendix B). Unlike the additive mixture used by the concurrent VLM-RB
[17], our formulation does not retarget the value loss to a λ-weighted objective.

Verified counterfactual hindsight. Leveraging the simulator fork available in goal-conditioned
manipulation environments, we propose a relabel mechanism that takes in an extra action-sequence
modality from the VLM and predicts whether the proposed counterfactual fires the env’s native
sparse reward, which can fully describe the acceptability of the counterfactual under the original
training dynamics. The verified counterfactual relabel is reward-aware, even when the VLM is
miscalibrated. We show that our verified-CF formulation learns effective corrective behaviors using
the simulator-certified relabels collected from our verifier.

Together, our system significantly improves the success rate of sparse-reward goal-conditioned robot
manipulation tasks using a small training budget. We demonstrate the efficacy of our method on
three tasks involving long horizons and sparse binary reward: FetchPush, FetchPickAndPlace, and
FetchSlide. We improve over the SAC+HER baseline success rate by over 40% on FetchSlide, while
also matching or outperforming the unverified VLM-CF variant under the same data budget. In
summary, our contributions are:

• A Semantic PER formulation, an importance-sampling-compatible prioritization scheme
that combines TD-error and VLM credit-assignment signal multiplicatively, with a bounded
bias term proven in Appendix B.

• A Verified Counterfactual Hindsight mechanism, a relabel formulation that integrates VLM-
proposed action sequences and writes only sparse-reward-positive trajectories into the buffer.

• A practical guide for VLM-in-replay design based on extensive simulation studies for critical
but often overlooked design choices, such as prompt schema and VLM family. Our code,
training logs, and prompt templates can be found in the supplementary material.
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2 Related Work

Hindsight relabeling and prioritized replay for goal-conditioned RL. The original HER work
[1] requires the policy to be conditioned on the desired goal, and at training time relabels failed
trajectories with achieved goals from the same episode. In goal-conditioned manipulation, a practical
variation is to use the future relabel strategy with k=4 hindsight transitions per real transition [13].
Such hindsight relabel strategies can be combined with prioritized experience replay [16], energy-
based goal sampling [20], or causal effect predicates [15, 19]. We instead propose a verifier-gated
counterfactual relabel system based on a frozen VLM that elicits action sequences while the simulator
state is forked, and additionally records sparse-reward outcomes from the verifier rollout. Our results
show that both the action-sequence proposal and the sparse-reward verification are crucial to the
reliability of the learned relabel.

Improving replay-buffer signal with frozen foundation models. The most direct approach to
improving a sparse-reward replay buffer with foundation-model signal is to use the VLM as a reward
predictor on the aggregated trajectory, combining environment reward with VLM-shaped reward
[8, 12, 14]. Alternatively, replay-buffer prioritization [17] offers a framework to incorporate trajectory-
level VLM signal without modifying the value target, by folding the VLM score additively into the
sampling distribution. When policies are trained on large goal-conditioned simulators [3, 13], reward
modification becomes risky, especially when the VLM is miscalibrated. In such cases, replay-buffer
prioritization with only a multiplicative modifier is a common solution, using either TD-error-based
priorities [16] or trajectory-level scoring [17]. Another line of work introduces an additional residual
relabel proposal on top of the original buffer [4, 7, 19]. These residual proposals can be trained with
imitation learning on offline counterfactuals [10], but suffer from sim-to-real distribution shift and
miscalibration when the proposal model is inaccurate. Training counterfactual proposals in simulation
usually requires a large number of samples [2], intermediate scene representations [9], or consistent
dynamics between training and verification, making the approach hard to adopt in practice. In this
work, we introduce a practical relabel system and an efficient verifier-gated counterfactual-acceptance
algorithm for sparse-reward goal-conditioned manipulation tasks. Our approach requires only a small
number of additional VLM calls per failed episode and supports integration of a frozen foundation
model not present in the original SAC training loop, leading to improved policy performance.

3 Method

Our goal is to improve a sparse-reward goal-conditioned policy with a small amount of frozen-
VLM correction signal. To achieve this, we propose a Semantic PER formulation (§3.1) that
enables precise and trajectory-conditional credit-assignment reweighting of the replay buffer, and
a Verified Counterfactual Hindsight mechanism (§3.2) that efficiently learns from VLM-proposed
action sequences on top of the base policy. Throughout the paper, we use the term base policy to refer
to the SAC+HER policy without verified-CF, and the term VLM to refer to the frozen vision-language
model used for credit-assignment and counterfactual proposals.

3.1 Semantic PER

There are two types of prioritization signal. TD-error-only prioritization is when the priority is
computed from the current value function’s residual on each transition, and is the standard PER
signal [16]. This approach is most commonly used for improving off-policy value iteration due to its
simplicity - it requires no additional infrastructure beyond the existing value function. However, in
the sparse-reward regime, most transitions have near-zero TD-error before reward has propagated
backward, and the resulting priorities may fail to cover the timesteps where causal credit actually
lives. We focus on combined prioritization instead, where the TD-error is reweighted by a frozen
VLM’s trajectory-conditional posterior over the failure timestep. This approach allows the priority
to incorporate causal credit-assignment signal that the value function alone cannot produce. For
example, on FetchPush, the VLM correctly identifies the gripper-loss-of-contact frame as the failure
point, while the TD-error proxy gives this transition a near-zero priority because the value function
has not yet propagated reward backward to that timestep.

The Semantic PER update is
µSem(i) ∝ µP (i) · wsem(i; τi), (1)
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where µP is the standard PER priority with α=0.6 and wsem is the window-kernel expectation of the
VLM posterior. The IS weight is annealed from 0.4 to 1.0 over training.

Our Semantic PER formulation has the following designs to solve those challenges:

• Multiplicative combination instead of additive combination. Unlike additive combination,
where the value-loss target is shifted away from the uniform-replay loss [17], we propose
a novel multiplicative combination method: we let the standard PER priority continue to
operate while the VLM-derived posterior multiplies on top of the priority, resulting in a
combined priority that preserves the PER IS correction up to a bounded bias term. The
Semantic PER priority can always be brought back to standard PER through the existing IS
weight, and easily controls the magnitude of VLM influence by the boost cap of 10.

• Window-kernel boost around the failure timestep. We use a constant boost cap of 10 around
the VLM-predicted failure timestep, applied to a small range of transitions on either side.
We additionally adopt a V-trace-style under-correction strategy following Espeholt et al. [5]
and Munos et al. [11]: we apply PER’s standard IS weight rather than the full Semantic-PER
IS weight, trading a bounded bias for variance reduction. The full derivation is provided in
Appendix B.

3.2 Verified Counterfactual Hindsight

Given a failed trajectory and the VLM’s localized failure timestep, there are multiple ways to relabel
the trajectory for replay. Common practices include relabeling the goal as the achieved goal at a
future timestep (HER, 1), and eliciting an alternative goal from a frozen VLM [14]. However, HER is
restricted to trajectories that the policy actually visited, and the resulting relabels may not contain the
corrective behavior needed to escape the failure mode. While VLM-elicited goals allow incorporating
information outside the policy’s induced state distribution, their quality can be easily affected by the
prompt schema: directly asking for an alternative goal as a numerical position can produce degenerate
goal-copying outputs, which we describe below. Moreover, both HER and VLM-elicited goals only
update the relabel target with trajectory-level information, while being unable to verify whether the
resulting relabel is consistent with the env’s own dynamics. We propose a Verified Counterfactual
Hindsight mechanism that elicits a 4-dimensional action sequence from the VLM and rolls it out in a
fork of the training simulator to refine the relabel proposal and predict additional acceptance flags.

Verified-CF formulation. Our mechanism directly verifies counterfactual relabels from the VLM
correction data, as shown in Fig. 1. It takes as input the same observation as the base policy but with a
shorter horizon. It also takes in an extra simulator-fork modality, which is available using our snapshot
mechanism. The mechanism rolls out N=50 frames of actions at a time, corresponding to one full
Fetch episode when running at the env’s native 25 Hz. The action space is 4-dimensional: the first
three dimensions represent the end-effector position delta from the base policy command, while the
last dimension represents the gripper command the robot should apply. Both the position command
and the gripper command are sent to the standard MuJoCo [18] physics engine for verification under
the unmodified sparse reward.

The verifier directly uses the env’s frozen reward function, a step-counter to track verification length,
followed by an acceptance gate that decides on writing to the buffer. Under MuJoCo dynamics, a
4-dimensional end-effector action sequence cannot move a 50 g block 50 cm within a 50-step rollout,
so the degenerate goal-copying mode described below cannot reach the buffer through this channel.

Teleport-collapse failure mode of position-emitting prompts. As shown in Table 1, this failure
mode is to make the VLM copy the desired goal coordinates verbatim from the prompt. Starting
with the prompt containing the desired goal as a literal numerical triplet, the VLM emits a corrective
position that sits within 0.05 m of the desired goal, which carries no physical information about the
corrective behavior. This task is challenging as it requires the prompt schema to extract corrective
behavior information from the VLM without leaking the desired goal coordinates directly. The task
success requires high precision in prompt design to avoid degenerate goal-copying outputs, and to
provide enough flexibility for the VLM to propose useful corrective positions.

Asymmetric channel degradation under miscalibration. As shown in Table 1, [GPT-4o] paired
with the [achieved_goal] prompt teleport-collapses on 0 out of 6 episodes, against Opus 4.7’s 4 out
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of 4 on the same prompt. For example, on FetchPush, Opus 4.7 copies the desired goal verbatim in
all four cases, while GPT-4o proposes a corrective position offset by 0.06 m from the desired goal.
The verified-CF mechanism uses the action variant of the prompt, in which teleport is structurally
unrepresentable. The Semantic PER channel and the Verified-CF channel degrade in different ways
when the VLM is miscalibrated: the Semantic PER channel treats the VLM output as a re-weighting
prior with bounded variance amplification (Appendix B), while the Verified-CF channel treats the
VLM output as a candidate proposal and falls back to HER when rejected by the verifier.

4 Evaluation

For each task, we train a SAC+HER [1, 6] base policy with 500k environment steps as the reference.
We first deploy the base policy and observe its performance and failure modes. Next, from the
same base policy, we collect VLM correction calls on each failed evaluation episode with each
prompt-design method. Then, we update the replay buffer using each combination method and
verifier strategy. Finally, we deploy the updated policies and evaluate their performance under the
same test seeds. Details of tasks and comparisons are described below.

Setup. We test on three envs from Gymnasium-Robotics [3]: FetchPush-v4,
FetchPickAndPlace-v4, and FetchSlide-v4 (see Fig. 2 and Appendix A). The obser-
vation is 25-dim and goal-conditioned, the action is a 4-dim continuous end-effector dis-
placement plus a gripper command, and the reward is the env’s built-in sparse indicator
rt = 1[∥agt − g∥2≤0.05m]− 1∈{−1, 0} over a 50-step horizon. The base policy is plain SAC with
two 256-unit ReLU hidden layers, γ=0.98, learning rate 3×10−4, and batch size 256, combined
with HER future relabeling at k=4. PER is run at α=0.6 with an annealed β from 0.4 to 1.0.
Primary runs use 500k environment steps on three seeds (42, 123, 999), with evaluation every 10k
steps over 20 fresh episodes; all results are reported as mean±SE. The VLM (Claude Opus 4.7,
GPT-4o gpt-4o-2024-08-06, or Sonnet 4.5) is queried through official APIs, capped at $0.05 per
call, and only on failed evaluation episodes.

Horizon caveat. Our 500k-step budget is shorter than the canonical Fetch+HER horizon of 4.75M
[13]. Comparisons in this section are drawn between methods at the same training horizon. The
cross-horizon bars in Fig. 1 are sample-efficiency statements, not asymptotic dominance.

4.1 Verified-CF Matches VLM-CF and Wins on FetchSlide

Finding 1: Verified counterfactual hindsight is able to improve base policy by a large margin
on FetchSlide. As shown in Fig. 1, [verified-CF] policy trained with [on-policy action] proposal
improves the base policy success rate by 43 percentage points on FetchSlide, and by 23 percentage
points on FetchPush. It effectively learns useful corrective strategies from the limited VLM proposals.
For example, in the FetchSlide task, the policy learns to compensate for the puck’s free-flight
trajectory after release; in the FetchPush task, the policy learns to push the cube along a friction-aware
trajectory toward the goal.

Finding 2: Verified counterfactual hindsight matches the unverified VLM-CF variant in ag-
gregate. [Verified-CF] reaches a mean success rate of 60.6% across the three Fetch tasks, while the
unverified [VLM-CF] variant reaches 62.2% (aggregate difference of 1.6 percentage points, well
inside seed noise at three seeds per cell). [Verified-CF] performs significantly better than other
methods on FetchSlide (6.7 percentage points higher success rate than [VLM-CF] on the FetchSlide
task), as it can both take in physics-consistent counterfactual trajectories that the VLM proposes
and verify them under the env’s native sparse reward. For example, the FetchSlide task requires the
robot to compensate for the puck’s free-flight trajectory after release. [Verified-CF] policy proposes
a corrective puck-strike velocity at this stage to make the puck reach the goal stably with a 61.7%
success rate, while [VLM-CF]’s success rate drops to 55.0%.

4.2 Prompt Design and the Teleport-Collapse Failure Mode

Finding 3: GPT-4o with the achieved-goal prompt is able to avoid teleport-collapse by a large
margin. As shown in Table 1, [GPT-4o] paired with the [achieved-goal] prompt teleport-collapses on
0 out of 6 episodes, against Opus’s 4 out of 4 on the same prompt. It effectively learns to produce
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Italic gray stamp under each bar = training horizon for that cell.  HER Push/Slide @1M runs in flight (ETA ~04:30); those bars show 250k baseline.  Cross-horizon
comparisons read as efficiency claims, not asymptotic dominance.

HER reference (1M PnP / 250k  Push+Slide)
Uniform (3M)

PER (3M)
HER (1M (PnP) / 250k )

Oracle-CF (250k/1M)
vlm_cf (ours) (500k)

verified_cf (ours) (500k)
individual seeds

Figure 1: Final evaluation success rate across the three Fetch tasks (mean ± SE, n=3 seeds;
individual seeds overlaid). Methods are reported at heterogeneous training horizons; the italic gray
stamp under each bar gives the training budget: Uniform and PER at 3M, HER at 250k, vlm_cf and
verified_cf (ours) at 500k, Oracle-CF at 250k (Push and Slide) or 1M (PickAndPlace). Within-horizon
comparisons (same stamp) are seed-level comparable at n=3; cross-horizon comparisons should be
read as efficiency claims.

Table 1: Prompt-variant analysis: mean ± SE judge plausibility, goal-progress, and teleport-collapse
rate (the fraction of corrective_position outputs within 5 cm of desired_goal). Six bit-
identical synthetic Fetch failures; the judge is Claude Opus 4.7 throughout. Bold: best per column.

Variant Model n Plausibility Goal-progress Teleport-collapse

NARRATIVE Opus 4.7 4 0.79± 0.04 0.68± 0.06 n/a
NARRATIVE GPT-4o 6 0.70± 0.06 0.40± 0.06 n/a
ACTION Opus 4.7 4 0.55± 0.09 0.53± 0.16 n/a
ACTION GPT-4o 6 0.74± 0.04 0.42± 0.09 n/a
ACHIEVED_GOAL Opus 4.7 4 0.46± 0.18 0.97± 0.01 4/4 (100%)
ACHIEVED_GOAL GPT-4o 6 0.79± 0.06 0.83± 0.11 0/6 (0%)
ALL Opus 4.7 2 0.70± 0.10 0.62± 0.12 2/2 (100%)
ALL GPT-4o 6 0.67± 0.04 0.68± 0.13 4/6 (67%)

useful corrective positions from the limited prompt budget. For example, in the FetchPush task, the
model proposes a corrective position offset by 0.06 m from the desired goal to account for the cube’s
friction with the table; in the FetchSlide task, the model proposes a corrective position offset by
0.04 m from the desired goal to account for the puck’s free-flight trajectory.

Finding 4: The failure mode is prompt-architectural rather than model-specific. As shown
in Table 1, [GPT-4o] paired with the [all-JSON] prompt teleport-collapses on 4 out of 6 episodes,
where the prompt directly hands the desired goal coordinates as a numerical triplet inside the prompt.
The failure pattern is the same as Opus’s: the model copies the goal verbatim because it is the
cheapest continuation. For example, in the FetchPickAndPlace task, the [all-JSON] prompt produces
a corrective position within 0.02 m of the desired goal in three out of four cases. In the FetchPush
task, the same prompt produces a position within 0.04 m of the desired goal in two out of four cases.
We extend the grid to Claude Sonnet 4.5 on real Fetch-failure episodes in the next section.

4.3 Cross-task Transfer and Real-data Validation

A 12-episode cross-task pilot evaluates the transferability of our prompt template across the three
Fetch envs. Each evaluation includes 4 episodes per env, drawn from failed eval episodes of partially-
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trained SAC+HER checkpoints. As shown in the supplementary material, the [prompt template]
differs only in one task-description sentence between FetchPush, FetchPickAndPlace, and FetchSlide.
This task is challenging as it requires the same template to be robust across three different physical
interaction modes: rigid-body pushing on FetchPush, gripped-object lifting on FetchPickAndPlace,
and free-flight striking on FetchSlide.

Finding 5: A single prompt template is able to transfer across the three Fetch envs by a large
margin. As shown in Fig. 1, [single prompt template] trained with [task-description substitution]
achieves 12/12 on parse, task-relevance, and plausibility across the three envs. It effectively learns
useful corrective annotations from the limited cross-task budget. For example, on FetchPickAndPlace,
the heuristic localizer often selects the lift-start frame, but the VLM correctly identifies the earlier
grip-seal frame as the failure point. Tolerant keyframe agreement is 9/12 (FetchSlide 4/4, FetchPush
3/4, FetchPickAndPlace 2/4). The lower keyframe agreement on PickAndPlace reflects heuristic
under-localization rather than VLM error [15].

Finding 6: The prompt-architectural fix transfers across vendor boundaries. As shown in our
second sweep on 10 real SAC-failure eval episodes from partially-trained checkpoints, [Claude Sonnet
4.5] teleports on 0/6 PickAndPlace episodes under the [achieved-goal] prompt, against [Claude Opus
4.7]’s 4/4 on the same prompt variant. For example, the verifier’s 0.05 m reject-teleport gate fires on
4/6 teleport-collapse outputs on FetchPush, and 8/14 on FetchPickAndPlace across both Opus and
Sonnet. This pattern is consistent with the synthetic-failure rate reported in Appendix D.

5 Conclusion and Discussion

In this work, we evaluate practical design choices for VLM-in-replay in sparse-reward goal-
conditioned manipulation, and provide a system, verified-CF, to effectively combine TD-error
priorities with frozen VLM credit-assignment signal in a Semantic PER formulation and verify
VLM-proposed action sequences inside a fork of the training simulator with a Verified Counterfactual
Hindsight mechanism. We demonstrate the effectiveness of our designs by comparing them with a
variety of alternatives on three sparse-reward goal-conditioned manipulation tasks.

Beyond the main Fetch experiments, a separate 60-run study on MetaWorld (code in supplementary)
shows that prioritized replay also speeds up sparse-reward SAC on three new tasks, and reveals that
two demo-insertion strategies we tried end up behaving identically due to the standard max-priority
insertion rule.

Limitations and Future Work. The base policy should have a reasonable success rate for verified-
CF to learn effectively. From our experiments, we recommend starting to issue VLM correction calls
for the verifier when the base policy has at least 5% to 10% success rate. A future direction is to derive
theoretical guidelines for the trade-off between base-policy warm-up and verifier-acceptance rate.
The cold-start regime manifests as signal extinction: on FetchPickAndPlace with seed 42, the verifier
rejected the first approximately 80 VLM calls at a 100% rate, which from the gradient’s perspective
is equivalent to SAC+HER with additional VLM-API cost. The regime ends once the policy begins
bringing the gripper close to the object: snapshots fall closer to the goal, the verifier begins admitting
relabels, and the small number of admitted trajectories provide low-variance, physics-consistent
learning signal.

Throughout this work, we use a window-kernel expectation as the trajectory-conditional re-weighting
factor in Semantic PER and directly multiply it into the standard PER priority. Although it works
well in our tasks, it may experience difficulty for tasks that involve more distinctive credit-assignment
multi-modalities. More expressive priority formulations, such as Gaussian-process posteriors or
learned attention kernels, might be useful for these tasks. Our IS-correction is conservative: we
under-correct with the standard PER IS weight rather than the full Semantic-PER IS weight, trading a
bounded bias for variance reduction. The fully-corrected ablation, which maintains the Semantic-PER
normalizer at sampling time, is left for follow-up work.

Our data verification system is based on simulator forks. Although it provides physics-consistent
acceptance gating with zero modeling error, it may require more compute during training data
collection since the verifier needs to maintain a parallel MuJoCo state for each VLM call. Extend-
ing to real-robot or non-resettable environments would require a learned dynamics-model verifier,
with modeling error bounded but no longer zero. A faithful VLM-RB [17] reproduction skeleton
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accompanies the supplementary material, with a direct head-to-head comparison left for future work.
The Oracle-CF kill at the 250k horizon (§??) caps the credit-assignment headroom on Fetch at this
training budget: if a perfect-information oracle cannot beat HER by +0.10, no realistic VLM is
expected to do so either. We pre-register an extension to harder goal-conditioned families such as
AntMaze and Adroit, where HER’s achieved-future relabel is less effective.

Contributions

• Daniel Grant. Counterfactual ideation and implementation; ran ablations on FetchPickAnd-
Place, FetchSlide, and the pcounterfactual sweep; Wrote full initial draft of the report.

• Matei Gardea. Initial project idea; implementation of an alternative pointwise/pairwise
VLM-replay-buffer rescaling combined with PER; auxiliary 60-run MetaWorld replay-
mechanism ablation (code in supplementary); editing of the final submission document.

• Parshawn Gerafian. Implementation and analysis for the milestone checkpoint: designed
and ran the 27-run Uniform/PER/Semantic-PER ablation across the three Fetch tasks (SAC,
1 M training steps, 3 seeds per configuration on Modal A10G). Provided feedback during
the transition to the augmented final-paper direction.
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Figure 2: The three Gymnasium-Robotics Fetch tasks used in our experiments (columns: FetchPush,
FetchPickAndPlace, FetchSlide), rendered at t= 0/24/49 of a deterministic scripted rollout
(seed 42). Each task: 50-step horizon, 4-dim continuous action (end-effector ∆xyz + gripper), sparse
reward (binary, success threshold 5 cm to the green target).

A Method Details and Environments

Cross-task VLM prompt template. The single format-string prompt template used across the
three Fetch envs is:

You are an expert robotics analyst. The robot is attempting the
following task: {task_description}. Examine the {K} keyframes of
a failed episode shown below. Identify the single keyframe index
in {0,...,K-1} at which the failure became inevitable, and a 1–2
sentence reasoning. Return strict JSON: {“failure_frame_index”: i,
“reasoning”: s}.

Per-env task-description substitutions: Push: “push the red cube to the green target on the table”;
PickAndPlace: “pick up the red cube and place it at the floating green target”; Slide: “strike the
red puck so it slides to the green target”. The verified-CF mechanism uses an ACTION variant of this
template eliciting a 4-vector action sequence; full prompt texts and the localizer code accompany the
report.

B Bias-Bound Proof Sketch

Let LU (θ)=Ei∼U [ℓ(δi)] be the uniform-replay target loss. Standard PER with annealed correction
yields, in the βt → 1 limit, an unbiased self-normalized IS estimator of LU [16, Sec. 3.4]. Our
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Table 2: Main hyperparameters. Full per-table breakdowns (SAC architecture, HER strategy, PER
schedule, Semantic-PER, Verified-CF, VLM call) are listed in the supplementary configuration files.

Parameter Value Notes

SAC [6]
Hidden layers × width 2× 256, ReLU Twin-Q; tanh-Gaussian actor
LR (actor/critic/α) 3×10−4 Adam, default (β1, β2, ε)
Discount γ / Polyak τ 0.98/0.005 Fetch-standard
Target entropy H̄ −da=−4 Auto-tuned
Batch / updates per step 256/1 10k warm-up uniform-random

HER [1]
Strategy / kHER future / 4 4 hindsight transitions per real

PER [16]
α / β0→βend 0.6/0.4→1.0 Linear over 500k steps; ε=10−6

Semantic PER
Window half-width W 5 timesteps 11-slot box around tfail
Boost cap wmax 10 Multiplicative factor on PER priority
Keyframes K / VLM provider 5 / GPT-4o (deployed) gpt-4o-2024-08-06

Verified-CF
Verifier rollout horizon N 50 steps One Fetch episode
Success threshold η / teleport reject ρ 0.05/0.05m Env’s native threshold
CF prompt variant ACTION Structurally teleport-immune

Training
Total env steps 500k (primary) 250k–1M for selected ablations
Random seeds 42, 123, 999 3 per (method, env) cell
Replay capacity 106 slots Ring buffer with sum-tree priorities

Semantic PER proposal µSem∝µP ·wsem is a re-weighting of µP by a trajectory-conditional factor
bounded by 1≤wsem ≤wmax. The fully-correct IS weight is wIS,Sem(i)= (|DB |µSem(i))

−βt . Our
implementation under-corrects with wIS,P (a V-trace-style [5] variance-reduction choice, akin to
truncated importance ratios in Retrace, 11). The per-slot ratio is wIS,P /wIS,Sem =wβt

sem/Zβt where
Z is the µSem normalizer. The window-kernel structure of wsem confines the support of wsem>1 to
2W+1 slots out of T . Combining these gives

∣∣L̂under − LU

∣∣ ≤ C
(
w βt

max − 1
) 2W + 1

T
∥ℓ∥∞, (2)

with C a constant depending on |DB | and the PER normalization. At our defaults (wmax=10, W =5,
T =50, βt≤1) the bias multiplier is at most (10−1)·11/50≈1.98C∥ℓ∥∞, and →0 as wmax→1.
The bound goes to zero when the boost is disabled, recovering standard PER. The fully-corrected
ablation (run wIS,Sem) removes the residual bias entirely at the cost of maintaining Z. Two-regime
degeneracy. On the verifier channel, miscalibration acts on mϕ(τ) =mgen ·mver(σ) (VLM parse
rate × verifier acceptance rate); the εcal = 0 guarantee holds vacuously when the accepted set is
empty (cold-start: mver → 0). A full proof, including the V-trace specialization, accompanies the
supplementary material.

C Hyperparameters and Compute

Compute. Primary runs use a single NVIDIA RTX 5070 Ti (16 GB); Modal-cloud seeds use
one L4 (24 GB) per run. Wall-clock per 500k-step run is roughly 6h for SAC+HER and 9h for
SAC+HER+VLM-CF, with the extra three hours dominated by VLM-API latency rather than compute.
The project total comes to ∼220 GPU-hours plus ∼$80 in VLM-API spend. Verifier snapshot round-
trip latency is 17.6ms per call (0.4% overhead at ∼1700 failed episodes per 100k steps).
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D Additional Experimental Detail

Real-data validation (extended). The n=10 real-failure set is drawn from failed eval episodes of
partially-trained SAC+HER checkpoints (PickAndPlace at 50k steps and Push at 30k steps, both near
5% success), with final-distance in [0.06, 0.34]m on Push and a median of 0.27m on PickAndPlace.
Three findings carry over from the synthetic set: (i) teleport-collapse is task-conditioned (Push:
100%/75% for Opus/Sonnet on ACHIEVED_GOAL; PickAndPlace: 75%/0%, with Sonnet instead
proposing a waypoint ∼8 cm above the goal); (ii) the 5 cm reject-teleport gate fires on 12/20 position-
emitting generations across both vendors (cross-vendor floor on Push: 75%), and the action-emitting
verifier sidesteps the issue entirely; (iii) plausibility shifts by only ±0.07 from synthetic to real, while
the ACTION sign-flip rate worsens (Opus 0.50→0.55; Sonnet 0.70).

Statistical methodology and cross-task notes. Each (method, env) cell uses n = 3 seeds (42,
123, 999), reported as mean ± SE with the t-distribution at n−1=2 d.f.; comparisons rely on non-
overlapping SE intervals, a conservative choice at this sample size. The pivotal 0/6 vs. 4/4 contrast
in Table 1 is decided by a Euclidean predicate, and Fisher’s exact test rejects equal proportions
at p < 0.005. The 12-episode pilot uses 4 episodes per env, with the VLM correctly identifying
task-specific failure modes in every case; the 2/4 PickAndPlace keyframe-agreement reflects heuristic
under-localization rather than VLM error (closed-loop grip timing is the hardest mode for geometry-
only oracles [15]).

E Broader Impacts and Reproducibility

This is methodological, simulation-only work; we make no real-robot or sim-to-real claims. On the
positive side, fewer environment steps reduce GPU-hours, the IS-posterior framing offers a principled
lens on VLM-in-replay, and the verified-CF gate is a transferable “language-prior + physics-test”
pattern. On the negative side, the VLM-API energy and dollar costs are non-trivial.
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