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Learning from the Right Mistakes: When Do
Low-Performing Data Help Offline Policy Gradients?
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Abstract
Imitation learning approaches currently reign
supreme for robotic manipulation, as value-based
offline reinforcement learning (RL) approaches
have not yet proven successful at scaling to
state-of-the-art large models. As a result, most
robotics training pipelines will filter out subpar
data or include them in supervised training ob-
jectives. Motivated by recent successes in post-
training for large language models, we investi-
gate the viability of policy gradient algorithms
with importance sampling as a method of learn-
ing from subpar data. We show that with cer-
tain dataset compositions common in practical
settings, such algorithms can extract useful addi-
tional learning signal from low-performing data.
We also find that such approaches are not able to
extract useful signal from low-performing data
within datasets that are formed from the replay
buffers of agents trained with RL, a dataset com-
position that is prevalent in the offline RL litera-
ture but rare in the real world. Our results point
to the importance of considering the interplay be-
tween dataset composition and offline RL algo-
rithm design.

1. Introduction
Robotics capabilities have improved massively in the last
year due to advances from scaling up imitation learning
(Fang et al., 2026; Team et al., 2025). The primary cost
of such methods is that they require high-quality data that
is scarcely available, often requiring expensive teleopera-
tion setups, highly skilled operators, and significant time
investment. The teleoperation data collection process often
generates some amount of subpar data as byproducts, but
current state-of-the-art training pipelines will simply filter
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out low-performing data (Chen et al., 2026) or incorporate
it through “RL via Supervised Learning” approaches (Em-
mons et al., 2022; Intelligence et al., 2026).

Both aforementioned approaches are unsatisfying: dis-
carding data is wasteful, and RL via Supervised Learn-
ing methods have trouble operating in stochastic environ-
ments (Brandfonbrener et al., 2022). We study incorpo-
rating low-performing data with binary rewards, operating
within the framework of offline RL (Lange et al., 2012;
Levine et al., 2020), as online RL methods are sample-
inefficient and costly to instrument in real-world settings
(Chen et al., 2025; Li et al., 2026). Specifically, we choose
to use policy gradient methods, both due to their stability
and recent success when applied to large language models
(Devvrit et al., 2026; MiniMax et al., 2025) and because
learning accurate value functions can be difficult (Li et al.,
2023; Nauman et al., 2024; Kumar et al., 2020).

We find that when the low-performing data share some
meaningful structure with the high-performing demonstra-
tions, such policy gradient methods can extract useful ad-
ditional signal from the low-performing data, even without
value functions. Interestingly, we do not see the same bene-
fits when the low-performing data is sourced from from the
replay buffer of an RL agent, as is typical of many offline
RL benchmarks.

2. Preliminaries
We consider the standard offline RL setting (Levine et al.,
2020) in which we have a Markov Decision Process (Put-
erman, 2014) with states x ∈ X , actions a ∈ A, transition
dynamics P : X ×A → ∆(X ). For simplicity, we assume
that each trajectory τ = (x0, a0, x1, . . . , xT ) is assigned
a binary scalar reward R(τ) ∈ {1,−1} corresponding to
success or failure. Given an offline dataset D = {τi}i, the
goal is to learn a policy π : X → ∆(A) that maximizes the
expected reward: J(π) = Eτ∼π[R(τ)].

We choose Tapered Off-Policy REINFORCE (TOPR;
Le Roux et al. (2025)) as a prototypical policy gradient al-
gorithm that can stably incorporate off-policy data. With
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Figure 1. Left: Illustration of the shared prefix structure in can-paired. All trajectories successfully grasp the can, after which
half of the rollouts place the can in the proper bin (successful trajectories) while the other half drop the can off of the table (failed
trajectories). Right: TOPR is able to extract useful signal from low-performing trajectories, allowing it to outperform FBC. TOPR using
only ∇J−

Mpre yields worse performance due to interference, while using ∇J−
Mpost performs nearly identically to using the full ∇J−.

binary rewards, TOPR uses the asymmetric policy gradient

∇J(π) = Eτ∼D+ [∇ log π(τ)]︸ ︷︷ ︸
∇J+

−Eτ∼D−

[
[ρ(τ)]

1
0∇ log π(τ)

]
︸ ︷︷ ︸

∇J−

, (1)

where D+ = {τ ∈ D : R(τ) = 1} is the set of success-
ful trajectories, D− is symmetrically defined as the set of
failed trajectories, and [x]10 := max(0,min(1, x)) clips the
trajectory-level importance ratios ρ(τ):

ρ(τ) =

T−1∏
t=0

π(at | xt)

πref(at | xt)
.

This clipping helps to avoid the high variance of the prod-
uct of many per-timestep ratios (Precup et al., 2000). The
reference policy is frozen and initialized at the beginning
of training as πref ← π. Le Roux et al. (2025) construct D
by collecting on-policy rollouts from π; in their case, the
reference policy πref also functions as the data-generating
policy. In general, these may not be the same, as it may
not even be possible to access the data-generating pol-
icy beyond the collected trajectories (e.g., if D is human-
generated).

The decomposition of the TOPR objective (1) into ∇J+

and ∇J− is illustrative: ∇J+ corresponds to performing
behavior cloning (BC; Pomerleau (1988)) on the successful
trajectories and ∇J− corresponds to truncated importance
sampling (Munos et al., 2016; Espeholt et al., 2018) for the
failed trajectories. A natural baseline approach is to only
train with the term ∇J+, which we will refer to as filtered
behavior cloning (FBC; Chen et al. (2021)).

3. The Impact of “Shared Prefix” Data
Structure

We seek to understand the conditions under which low-
performing offline data can be helpful. To this end, we will
highlight that the shared structure between the “positive”
and “negative” data is of central importance, and in some
cases can lead to harmful interference (McCloskey & Co-
hen, 1989) effects. To illustrate these phenomena, we study
the can-paired environment from the robomimic task
suite (Mandlekar et al., 2021). can-paired consists of
paired human teleoperation demonstrations collected from
the same initial state: for each initial state, one trajectory
will successfully complete the task of picking up the can
and placing it in the correct receptacle. The other trajec-
tory from that initial state will pick up the can and drop
it off of the edge of the table (Fig. 1, left). Importantly,
the failed trajectories exhibit proper grasping behavior (i.e.,
the pre-grasp portions of all trajectories are approximately
identically distributed). We will refer to this property as the
data possessing a shared prefix structure; the failed trajec-
tories begin with behavior resembling that of the successful
demonstrations.

The potential trouble with such shared prefix structure is
that there is a portion of the trajectories in D+ and D−

for which ∇J+ is trying to maximize the likelihood while
∇J− is trying to minimize the likelihood of data coming
from that same distribution. To be more precise, consider
binary masks of the form Mτ ∈ [0, 1]T to identify sub-
sets of timesteps, with Mpre

i = 1{i<Tg} indicating the
timesteps before the grasp time Tg andMpost

i = 1{i≥Tg}
indicating the post-grasp timesteps. These masks let us rea-
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son about ∇J− when restricted to specific subsegments:

∇J−
M = −Eτ∼D−

[
[ρ(τ)]

1
0

T−1∑
t=0

Mt∇ log π(at|xt)

]
,

withM∈ {Mpre,Mpost}.

In this notation, we can hypothesize that shared prefix
structure will lead to gradient interference, manifested in
the form of a large negative cosine similarity between the
gradient terms: cos(∇J+,∇J−) = ⟨∇J+,∇J−⟩

∥∇J+∥∥∇J−∥ . Specif-
ically, we expect cos(∇J+,∇J−

Mpre) to be smaller than
cos(∇J+,∇J−

Mpost), as ∇J+ and ∇J−
Mpre are opposing

objectives on similar data. Interference phenomena are
commonplace in the multi-task learning literature, as is the
use of gradient cosine similarity as a metric (Yu et al., 2020;
Liu et al., 2021).

4. Experiments
To illustrate gradient interference behavior and demon-
strate the impact of the shared prefix structure, we con-
duct the following training-time intervention: train two
policies on can-paired with TOPR, with one run us-
ing ∇J−

Mpre to only include timesteps occurring before
the grasp has been made (“TOPR (pre-grasp)”) while the
other uses∇J−

Mpost for timesteps occurring after the grasp
(“TOPR (post-grasp)”). Both policies always use the full
positive gradient term∇J+. In Fig. 2, we see that∇J−

Mpre

interferes significantly with ∇J+. Conversely, ∇J−
Mpost

and ∇J+ hardly interfere at all in comparison. The in-
terference decreases over the course of training as π moves
away from πref and the importance ratios in∇J− decrease.

To expand a bit on this self-correcting mechanism, which
may initially seem counterintuitive, recall that the impor-
tance ratios ρ(τ) are computed over the entire trajectory.
While the conflicting signal on the shared prefix may pre-
vent the policy from decreasing the likelihood of actions
in that shared prefix, there is nothing preventing the pol-
icy from decreasing the likelihood of the later actions in
the trajectory. Because those timesteps contribute to the
trajectory-level ratios ρ(τ), the weight of ∇J− is reduced.

Despite the presence of interference, TOPR outperforms
FBC on this dataset (Fig. 1, right). Now we address the
question of what portion(s) of these failed trajectories pro-
vide useful learning signal to account for this difference.
Fig. 1 (right) also reports the results for the two masked
variants of TOPR analyzed previously. As expected, using
∇J−

Mpre is not as useful, and yields performance closer to
that of FBC. Further, using∇J−

Mpost yields nearly identical
performance to baseline TOPR (which applies∇J− every-
where). This strongly indicates that it is the portion of the
failed trajectories after the grasp that is providing beneficial

Figure 2. Cosine similarity of ∇J+ and ∇J− on can-paired.
∇J+ and ∇J−

Mpre point in nearly opposite directions near the
beginning of training (green), while ∇J−

Mpost does not interfere
much with ∇J+ (red).

learning signal. Since the shared prefix just seems to be a
source of potential optimization woes for this dataset, we
are motivated to ask the question: are there greater benefits
in datasets without shared prefix structure?

To answer this question, we further our analysis with two
robomimic datasets containing highly unstructured failed
trajectories: can-mg and lift-mg, which are comprised
of rollouts collected by a Soft Actor-Critic (Haarnoja et al.,
2018) agent during its training process. The goal in can-mg
is identical to that of can-paired, while the goal in
lift-mg is to grasp and pick up a cube from a table. The
distributions of trajectories in these datasets are thus sim-
ilar to those of an agent’s replay buffer, which is a pop-
ular dataset composition in the offline RL literature (Fu
et al., 2021). These datasets do not possess the same qual-
itatively obvious shared prefix structure as can-paired;
most of the failed trajectories consist of the robot arm flail-
ing around, and do not resemble the successful behavior
at all. Across both can-mg and lift-mg, TOPR performs
nearly identically to FBC (Fig. 3, top). It is perhaps unsur-
prising that TOPR does not perform appreciably better than
FBC, as the failed trajectories provide little information
near the support of the state distribution of a successful pol-
icy. Interestingly, training on both of these datasets leads to
strong interference dynamics (Fig. 3, bottom) which sug-
gests that there may be additional mechanisms at play con-
tributing to these phenomena.

5. Discussion
We wish to contextualize our findings in the existing of-
fline RL literature. Most prior works in value-based of-

3



165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219

Learning from the Right Mistakes: When Do Low-Performing Data Help Offline Policy Gradients?

Figure 3. Top: TOPR and FBC perform similarly on datasets
resembling RL agent replay buffers. Bottom: TOPR training en-
counters significant gradient interference on both environments
despite no overt presence of shared prefix structure in the dataset
composition of can-mg and lift-mg.

fline RL use methods based around the intuitive idea of
“stitching together” good segments of low-performing tra-
jectories (Kostrikov et al., 2022). While this is a sensible
way to learn from subpar data, it is almost the opposite of
what we demonstrate in this paper. To illustrate the differ-
ence, consider that value-based methods could recognize
that the shared prefixes in can-paired consist of good ac-
tions, and can use those to improve the policy. In contrast,
TOPR mostly finds learning signal not from the good pre-
grasp data in failed trajectories, but from the bad post-grasp
continuations. This points to a limitation of methods like
TOPR that do not have any mechanisms for fine-grained
credit assignment: potential benefits from cloning the high-
quality prefixes of the failed trajectories are lost.

Our experiment in Section 4 using only ∇J−
Mpost to re-

duce gradient interference was presented primarily as a di-
agnostic experiment, but could potentially be explored as
a practical approach. Choosing to limit the mask to only
post-grasp timesteps can be thought of as a form of man-
ual credit assignment, which in this case came from prior
domain knowledge. This is important to acknowledge, but
this does not necessarily render the approach intractable for
real-world use; this method could be enabled with coarsely-
annotated segments of data containing “mistakes” identi-
fied by human labelers (Intelligence et al., 2026) or reward
models (Chen et al., 2026). While these two annotation
methods have their own drawbacks, they may be easier to

scale than learning value functions for credit assignment
(Park et al., 2025).

Our findings relating gradient interference and shared pre-
fix structure are intriguing, considering that policy gradient
algorithms with importance sampling are very effective for
large language model post-training (MiniMax et al., 2025),
a domain in which shared prefix structures are known to
be abundant (Wang et al., 2025). As large models for
robotic control continue to improve in base capabilities,
we expect failures to look less like “flailing around” and
more like failures in the reasoning chain of a language
model, in which one or more mistakes is contained within
a long sequence of subtasks. Some prior works explicitly
encourage collecting demonstrations with intentional mis-
takes followed by corrective behavior (Hu et al., 2025); we
note that this is just another example of specially structured
offline data. We hope that our findings encourage careful
consideration of the interaction between the structure of of-
fline data and the algorithms we use for offline learning,
and that new patterns of dataset composition may spark
the design of new strains of offline RL algorithms suited
to those patterns.
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