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Abstract. For a general-purpose robot to operate in reality, execut-
ing a broad range of instructions across various environments is im-
perative. Central to the reinforcement learning and planning for such
robotic agents is a generalizable reward function. Recent advances in
vision-language models, such as CLIP, have shown remarkable perfor-
mance in the domain of deep learning, paving the way for open-domain
visual recognition. However, collecting data on robots executing various
language instructions across multiple environments remains a challenge.
This paper aims to transfer video-language models with robust general-
ization into a generalizable language-conditioned reward function, only
utilizing robot video data from a minimal amount of tasks in a singular
environment. Unlike common robotic datasets used for training reward
functions, human video-language datasets rarely contain trivial failure
videos. To enhance the model’s ability to distinguish between successful
and failed robot executions, we cluster failure video features to enable
the model to identify patterns within. For each cluster, we integrate a
newly trained failure prompt into the text encoder to represent the corre-
sponding failure mode. Our language-conditioned reward function shows
outstanding generalization to new environments and new instructions for
robot planning and reinforcement learning.

1 Introduction

Recent research in the field of “generalist robots” [4}[16,45,[48] aims to equip
robots with the ability to perform a wide range of tasks conditioned on natu-
ral language instructions. This emerging field is propelled by breakthroughs in
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Fig. 1: Human video-language datasets typically lack failure videos. This limitation
will result in models that are effective at categorizing tasks but exhibit diminished
efficiency in distinguishing between successful and unsuccessful task executions.

multi-modal models, such as CLIP [34], BLIP [21], and DALLE-2 [36], known for
their exceptional proficiency in vision-language tasks. Their success stems from
training on comprehensive datasets encompassing extensive human data across
varied environments. Inspired by these achievements, some notable works in
robotics have employed rich and diverse robotic interaction datasets.
However, the collection of such comprehensive, high-quality robotic data is con-
siderably more challenging and labor-intensive than collecting datasets for com-

puter vision and natural language processing .

One promising approach to tackling these challenges is developing a general-
ized reward function, which can assess the success of robotic behaviors. Tradi-
tional methods, e.g., inverse reinforcement learning , often result in specialized
reward functions limited to a narrow range of tasks. In this paper, we attempt
to adapt pre-trained vision-language models as reward functions. Such models
potentially offer broad generalization . However, applying these models
to robotic reward learning is not straightforward. Firstly, due to the scarcity of
robotic interaction data, fine-tuning these models on limited robotic datasets
risks model overfitting and catastrophic forgetting, undermining their general-
ization ability. Secondly, there’s a significant domain shift and embodiment gap
when transitioning from human-centric data to robotic applications. Unlike hu-
man videos, which feature diverse environments and perspectives, robot videos
typically originate from more controlled, static settings, and the mechanical na-
ture of robotic movements differs markedly from the fluidity of human actions.
Previous work, i.e., DVD , has attempted to address these challenges by train-
ing a discriminator to classify if two videos perform the same task. However, this
approach overlooks the need for a binary classification of success and failure in
reward functions, underscoring the necessity for data on failed robotic tasks.

In contrast to typical robotic datasets used for training reward functions ,
human video-language datasets rarely include inconsequential or minor failure
videos. This discrepancy often leads to models proficient in categorizing tasks but
less capable of distinguishing successful from unsuccessful executions. As Fig.
shows, while a video-language model can effectively distinguish the “closing a
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drawer” task from the “opening a drawer” task, it may not identify failure videos
in the task, such as incomplete closure or accidental reopening. Consequently,
training solely with successful videos is insufficient for the model to recognize
and classify diverse failure scenarios accurately. A straightforward solution is to
employ Binary Cross-Entropy (BCE) loss in training to enhance the distinction
between success and failure samples. However, this approach can be problematic.
The model can assign high scores to success samples in the training set and
underscore others, leading to poor performance in novel situations and tasks.

To address these challenges, we introduce a novel method integrating learn-
able failure prompts within the model architecture. This approach is based on
the hypothesis that task failures can be grouped into several modes and poten-
tially transferable across similar tasks. We begin by clustering failure videos to
identify distinct failure patterns, assigning each cluster a unique identifier for
a corresponding failure prompt. This strategy enables the model to develop a
nuanced understanding of different failure modes, facilitating knowledge transfer
through learnable failure prompts and improving initial performance on unseen
similar tasks. Furthermore, we incorporate cross-domain contrastive learning and
domain-specific prompt learning to align text and video representations across
human and robot domains.

Our contributions can be summarized as follows:

— We highlight the significance of including failed robotic videos in reward
learning with human videos, and we identify the gap between human video-
language datasets and robotic datasets in reward learning.

— We propose learnable failure prompts to model patterns of robotic fail-
ures effectively. The introduction of these prompts significantly enhances
the model’s adaptability and applicability.

— When combined with Visual Model Predictive Control (VMPC), our ap-
proach demonstrates superior generalization in the MetaWorld environment,
outperforming previous methods. The effectiveness of our reward model for
reinforcement learning is also illustrated in the Concept2Robot environment,
where it generalizes to unseen tasks with varied viewpoints and objects.

2 Related Works

2.1 Reward Learning

Reinforcement learning (RL) presents a dynamic framework for automating
decision-making and control, though it often entails significant engineering of fea-
tures and rewards for practical use. To address these challenges, inverse reinforce-
ment learning (IRL) [1] aims to infer experts’ reward functions from observed be-
haviors, as extensively discussed in the literature [10,{11}/15./54,57./63]. Despite ex-
pansions to scenarios involving human-provided outcomes or demonstrations |6}
121|2211461/521/62], existing research tends to focus on single tasks within confined
environments, limiting wider application. Modern research trends are moving to-
wards developing multi-task reward functions using visual inputs [52930442]. An
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exemplar is LORel [29], which learns language-driven skills from sub-optimal of-
fline data and crowd-sourced annotations. However, obtaining high-quality robot
demonstrations remains resource-intensive. In contrast, our approach leverages
extensive human-centric datasets, circumventing the need for robot hardware
and capitalizing on the availability of online resources.

2.2 Robotic Learning from Human Video

Extensive research has been devoted to learning robotic behaviors from hu-
man videos. A prevalent method involves transforming human trajectories into
robotic motions |18l1931}3744150/59], achieved by identifying and tracking hand
positions in human videos and subsequently aligning them with corresponding
robotic actions or primitives for task execution. Another tactic is pixel-level
transfer, where human demonstrations or goals are directly transposed into a
robotic framework [24}|43]|47], employing both paired and unpaired datasets.
Recent research has refined self-supervised algorithms to produce embeddings
that are sensitive to object interactions and postures, while minimizing the im-
pact of non-essential factors such as viewpoint and embodiment [30433}/41,/55!/62].
Furthermore, recent advancements have recognized platforms like YouTube as
substantial sources of “in-the-wild” visual data, featuring diverse human inter-
actions, such as Something-Something-v2 [13]|. Robots that can assimilate and
learn reward functions from this extensive array of data have the potential for
broad generalization. For instance, Concept2Robot [42]| utilizes a pre-trained
video classifier to infer robot reward functions. Similarly, DVD [5] proposes a
domain-agnostic video discriminator, aimed at facilitating generalizable reward
learning. LIV |26] inducing a cross-modal embedding with temporal coherence
and semantic alignment for language-image reward.

2.3 Language-Conditioned Robotic Learning

Recently, CLIP [34] aligns vision and language features from millions of image-
caption pairs sourced from the internet, which is a robust foundation established
for grounding semantic concepts prevalent across tasks. Therefore, prior research
has predominantly concentrated on end-to-end learning of intricate robot ma-
nipulation, leveraging the multi-environment and multi-task robotic datasets,
such as BC-Z [16|, CLIPort [45], and RT-1 [4]. Recent studies |7}/9}/17,/28] have
also advocated for leveraging pretrained foundation models to generate reward.
Diverging from these approaches, most recent studies have utilized Large Lan-
guage Models (LLMs) for automated generation of dense [27,56] or sparse [61]
reward coding for policy learning or action synthesis in robotics. These methods,
however, require extremely Large Language Models, i.e., GPT-4 [32], to gener-
ate accurate code for each task and are more suited for complex tasks requiring
deep semantic understanding. Our work deviates from previous efforts by cir-
cumventing the challenges of collecting diverse robotic data and the requirements
of super-large models.
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Fig. 2: Adapt2Reward Architecture. We propose Adapt2Reward which incorpo-
rates learnable failure prompts into the model’s architecture. Our approach starts with
clustering failure videos to discern specific patterns. Each identified cluster is then asso-
ciated with a unique failure prompt. Additionally, we employ cross-domain contrastive
learning and domain-specific prompt learning to align text and video representations
between human and robot domains.

3 Methods

3.1 Preliminaries

Problem Statement. In the setting of our problem, we consider a robotic
agent to accomplish tasks from a task distribution, 7 ~ Ds. Each task has
some underlying reward function R and can be expressed in natural language
. Consequently, for a specified task 7, our robotic agent operates in a fixed
horizon Markov decision process: (S, A,p, R,T), where S denoted as the state
space (image or short video clip in our case), A is the action space of the robot,
(8418, ar) represents the stochastic dynamics of robotic environments, R dis-
plays the reward for task 7, and T is the episode horizon. Our target is to learn
a parametric model Ry that estimates the underlying reward function R for each
task 7, conditioned on the natural language expression [. With such a reward
function, we can utilize open-loop planners or reinforcement learning to optimize
the reward for each task.

In order to learn a broadly generalized reward function Ry, we have access
to human dataset {(«?,I?)}} |, consisting of N videos of human demonstra-
tion for various tasks, where I! is a sentence expressing a task 7 sampled from
the human task distribution 7 ~ D?. We are also given a finite robot dataset
{5, 17, rj)}jM:l of videos of the robot doing tasks 7 ~ D’-, in which the robot
can complete the task, r; = 1, or the robot failed to finish the task, r; = 0.
Although human data is widely available, robot data consists of only a limited
number of tasks in a handful of environments, D7 C Dy. Therefore, we have
many more diverse human video demonstrations than robot video demonstra-
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tions per task and many more tasks that have human videos but not robot
videos, in which case D% C Dy C D’;—. We only use visual observations to deter-
mine whether a task is completed or not, and do not use low-dimensional states
or actions. What is clear is that we will also face a large domain shift in the
human and robot domains. By learning such a generalizable and robust reward
model, we expect it to be able to complete these tasks in new environments and
to generalize to unseen tasks.

VLM as reward model. Learning multi-modal representations using large-
scale video-text pretraining has proved to be effective for a wide range of uni-
modal and multi-modal applications that allows us to train multi-task success
detectors by directly leveraging powerful pretrained Vision Language Model
(VLM), such as CLIP4Clip [25] and Singularity [20]. In our work, the VLM
is given a visual input representing the state of the world (a short video clip
x; € REXHXWXC with [ frames), and a corresponding text description /;. The
vision encoder encodes the T frames as a batch of images independently and
feeds these frame-level features to a temporal vision encoder to obtain fine-
grained temporal video representation v; € R”. For the text describing the de-
sired behavior or task, we denote the representation as ¢; € R”. The video and
text features are input to the multimodal encoder to get a video-level prediction
score, which can serve as a reward.

3.2 Human-Robot Contrastive learning

Cross Domain Contrastive Learning. We present our methodology for lever-
aging contrastive learning to learn domain-invariant features by forming pairs
across domains. Specifically, we hope that samples within the same category,
irrespective of their domain origin, are positioned closely in feature space, while
those from distinct classes are separated regardless of domain. More formally,
we consider lp-normalized features v] from the i-th sample (2],17) in the robot
domain as an anchor, and it forms a positive pair with the sample having the
same expression from the human domain and robot domain, whose features are
denoted as v,. We formulate the cross-domain contrastive loss (CDC) as:

i exp(v T v, /T
cpe = T pan] Z log p/ ) (1)

peP(l’") Z] 1 eXp(U vj /T)

where P(I7) = {k|l} =17,k € {1,.., By} } U{k|l; =17,k € {1,.., B,}} indicates
the set of positive samples from the cross-domain that share the same label with
the anchor =] and B = B}, + B, denotes the batch size. In each batch, we sample
Bj, human samples from the human dataset, and B, successful robot samples
(r; = 1) from the robot dataset. In Eqn. [1} we consider samples from the robot
domain as anchors. Alternatively, we can use human samples as anchors and
compute L5 , Then, we combine L, with £55, to derive the cross-domain
contrastive loss as follows:

Lope = Z Lhhe+ Z L e (2)
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Video-Language Contrastive Learning. To promote the model’s abil-
ity to capture semantically pertinent features across human and robot domains,
we employ a video-language contrastive loss. This approach, distinct from con-
ventional video-language alignment, aims to minimize discrepancies in both do-
mains. It not only aligns temporal dynamics with task semantics but also en-
hances the adaptation of video features by leveraging the shared action semantics
across both domains. Formally, we denote the video-text paired features (v;,t;)
from the human or robot domain, where v; € {v’f oY and ¢; € {t’f th}. The

modified video-language contrastive loss (VLC) is defined as:

Vit _ exp (’U;rti/T) 3)
TR exp (v t/7)

where 7 is the temperature. In particular, we minimize the sum of two multi-
modal contrastive losses:

L

B B
Vit ti,v;
Lvic = E Lyie E Lyre (4)
=1 1=1

3.3 Learning from failure

In human cognition, task acquisition often hinges on introspective analysis of
failures, leading to insights into causal missteps. Consequently, we posit that
the integration of robot failure data into reward learning can enrich the model’s
capability to distinguish between efficacious and errant actions.

Binary Cross-Entropy Loss. To distinguish between successful and failed
videos, we adopt Binary Cross-Entropy (BCE) loss, a methodologically straight-
forward yet effective approach. Concretely, for each training batch, apart from B;,
human samples and B, successful robot samples, we sample B} failed robot sam-
ples (r; = 0) from the robot dataset. We denote lr-normalized features (v}, t7)

from a sample (z7,1],7;) in successful or failed robot samples. We then minimize

the binary cross-entropy loss:

B,.+Bj
Lpop=— Y [rilog(p:) + (1 —ri)(1 - log(p:)))] (5)

i=1

where p; = cr('v{—rti) and o is the sigmoid function. While BCE loss enhances the
model’s capability to differentiate between successes and failures in the training
dataset, it risks fostering overconfidence in predictions due to the limited size of
the robot dataset and insufficient feature granularity. This overconfidence may
result in the model disproportionately favoring successful videos from the train-
ing set, while marginalizing others. Consequently, this approach could hinder
the model’s generalization capabilities in novel scenarios or tasks beyond the
training dataset.

Failure Prompts. We aim to achieve a deeper understanding and identifi-
cation of failure patterns and their root causes, rather than merely dismissing
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all unseen states. Our robot failure dataset comprises videos of failures, each ac-
companied by corresponding task description. By leveraging the distinct context
of each failure, we seek to capture the unique precursors leading to each specific
failure instance. Acknowledging the varied reasons for failures across different
tasks, we propose the creation of a “failure prompts pool” to achieve this. This
pool allows for flexible grouping and integration as input into the model, facili-
tating a nuanced and task-specific approach to understanding failures. For each
task 7 € D%, whose expression is I1, the task-specific prompt pool consists of
K learnable prompts:

Pl = {P7f‘,v P7f’,2a o P7f’,K}

where P;’ L € RE2 XD j5 5 prompt with token length Lg and the same embedding
size D as yr, where yr = f!(l7) is the embedding features of I

We dynamically select suitable prompts for various videos depicting robotic
task failures. For each task’s failure videos, we utilize spherical K-means cluster-
ing to iteratively update the clustering centers at the end of each training epoch.
This process enables the assignment of new pseudo-labels to the failure videos,
effectively uncovering distinct failure themes specific to each task. Formally, for
the task 7, we denote {vl}f‘iq as failure video features encoded by the vision
encoder of the current epoch, where M7 devotes the number of videos in this
task. The i-th video’s pseudo-label q; € R¥*! and cluster centers C are obtained
by minimizing the following problem:

. 1 . T

ol 37 2~ Ca ®)
To ensure label stability, aligning clustering results across consecutive epochs
is imperative. The assigned pseudo-labels are interpreted as indicators of the re-
spective failure causes. We assume that these pseudo-labels, derived from clus-
tering, succinctly encapsulate the semantic essence of each failed video, thereby
elucidating the underlying reasons for failures. Consequently, we select failure
prompts based on their corresponding pseudo-label k, leveraging this alignment
to foster understanding of failure dynamics. For each task 7 € DZ-, the input

text embeddings of robot failure context are defined as follows:

v = [PF 13 97]

where ; denotes concatenation along the token length dimension and k € {1...K}.
By learning K failure prompts for each task, we aim for the model to identify K
failure causes per task. Finally, for each epoch, we encode each failure context
and get the feature set t%c- = {tj;-’l, t%c-z, . th7K}.

In the previous section [3.2] semantically related video and text features are
brought closer, and irrelevant or opposite semantic features are pushed away.
Beyond that, we think a series of failure texts should also stay away from success
videos. Hence, if we denote (v;,t;) as a video and language feature pair that
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completes task 7T, its corresponding failure text features th should also be used
as a negative sample. We modify video-language contrastive loss for each video-
text pair (v;,t;) across human and robot domains as below:

Lt exp (’U;rti/’f)
VLC — B K
S2 exp(u] t;/7) + Yy exp(v] th, /7)

Considering that different failure texts in the same failure text pool indicate
distinct reasons for task failure, the failure video-text correspondences of different
categories should be separated. Therefore, we define the failure’s video-language
contrastive loss for (v], t7) from the failure robot sample (z7, 7, r; = 0) as follows:

ERL ]

(7)

pU exp(vatg—,k* /T)
fvLe = . K :
exp(vf "t /T) + >, eXp(’l);Tt£-7k/T)

where k* represents the index of the failure prompt (cluster) that the sample
(«f,17,r; = 0) belongs to.

17710

(8)

4 Experiments

In our experiments, we aim to transfer video-language models with robust gen-
eralization into generalizable language-conditioned reward functions, utilizing
robot video data from a minimal amount of tasks in a singular environment. We
focus on studying how effectively our method Adapt2Reward can leverage a few
successful and failed robot executions and to what extent doing so enables gen-
eralization to unseen environments and tasks and enhances the model’s ability
to discriminate between successful and failed robot executions. Concretely, we
study the following questions:

1) Is Adapt2Reward able to generalize to new environments more effectively?

2) Is Adapt2Reward able to generalize to new tasks more effectively?

3) Can Adapt2Reward effectively improve the success rate of robots complet-
ing language-instructed tasks?

4) Can Adapt2Reward correctly assign rewards across different viewpoints
or distracting objects?

4.1 Experiment Setting

In our experiment, we employ the simulated environment from DVD [5], adapted
from Meta-World [60], built upon MuJoCo [49] physical engine, featuring a
Sawyer robot arm interacting with various objects including a drawer, faucet,
cup, and a coffee machine. We utilize the video-language model Singularity |20],
pretrained on 17M human vision-language data and fine-tuned on the Something-
Something-V2 (SS-V2) dataset [13]. For human data in our training set, we uti-
lize the Something-Something-V2 dataset, which includes 220,837 videos across
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Fig. 3: (a) MetaWorld environments (left) consist of the original training environment
and three test environments with color, viewpoint, and object arrangement modifi-
cations. Concept2Robot environments (right) include the training environment and
the testing environments that change the viewpoint or include distractor objects.
(b) Comparison of Random Policy, VMPC with Concept2Robot, DVD, LIV, and
Adapt2Reward in MetaWorld environments. The depicted bars represent the mean
success rate across 4 target tasks computed over 3 seeds of 100 trials.

174 classes of basic human actions with diverse objects and scenes. We se-
lect videos from different human tasks. Our robot demonstration data, min-
imal in volume (560 videos for each task), encompasses successful and failed
trajectories within the training environment. Following DVD , we train the
model with different tasks in different experiments, which will be detailed in the
corresponding sections. For the hyper-parameters of Adapt2Reward, we adopt
By = B, = By =8 and K = 3 as defaults. For convenience, we set the trade-off
equal to 1 across all losses, including Lope, Lvie, Lyvic.

Task Execution. Once the reward function R is trained, we use it to
select actions with visual model predictive control (VMPC) [8|[14,[51], which
uses a learned visual dynamics model to plan a sequence of actions. We con-
dition RO on a language instruction [ for the target task 7, using predicted
similarity as the reward. We train an action-conditioned video prediction model
Do (St41:04H|S¢, ap:e4 1) With the FitVid framework . Given an input image sy,
we sample G action trajectories of length H and use py to predict their future
trajectories {s; 1.4+ }?. We then score the similarity between the task instruc-
tion [ and each predicted trajectory using Rg. The action trajectory with the
highest score is executed.

4.2 Environment Generalization

Ideally, a reward function should be robust to naturalistic visual variations,
including changes in camera angles, object colors, or arrangements. Given the
impracticality of re-annotating and retraining for each new condition, it’s crucial
to develop a visually resilient reward function. To explore environmental general-
ization, we use four progressively challenging variants of a given environment, as
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Robot + Robot + Robot +

Human Only Robot Only 3Human Tasks 6Human Tasks 9Human Tasks Ave
Random 15.25(0.31) - - - - 15.25(0.31)
Concept2Robot  33.75(0.20) - - - - 33.75(0.20)
DVD - 19.00(1.07)  28.25(0.20) 31.92(2.01) 40.08(0.31)  29.81(0.21)
LIV - 27.58(1.65)  36.33(0.42) 38.83(1.03) 39.00(1.24)  35.44(0.51)
Adapt2Reward - 29.92(0.83) 44.67(0.77) 69.33(2.42) 67.00(1.14) 52.73(0.64)

Table 1: Task Generalization with Different Reward Models. Compared with
Random Policy, Concept2Robot, DVD, and LIV, Adapt2Reward achieves significantly
enhanced performance in novel tasks. We report the average success rate on 4 target
tasks, computed over 3 seeds of 100 trials, with the standard deviation in parentheses.

depicted in Fig. [3| (b). These consist of the original training environment (Train
Env) with task demonstrations, and three test environments with modifications:
Test Env 1 (changed colors), Test Env 2 (changed colors and viewpoint), and
Test Env 3 (changed colors, viewpoint, and object arrangement). We evaluate our
method on four simulated tasks: (1) closing drawer, (2) moving cup away from
the camera, (3) moving the handle of the faucet, and (4) pushing cup from left
to right. To evaluate our method, we train it on robot videos from the training
environment, covering the four tasks with both successful and failed executions.
We also incorporated human data from the SS-V2 dataset, encompassing these
four tasks and three additional tasks for training.

We compare our approach with previous works. Concept2Robot [42], which
uses a pre-trained 174-way action classifier from the SS-V2 dataset, taking the
classification score of the predicted robot video as the reward. Unlike Con-
cept2Robot conditioning on the category of the task, DVD [5] calculates re-
wards by training a domain-agnostic video discriminator to measure the similar-
ity between robot videos and human demonstrations. DVD also involved varying
amounts of human data from the SS-V2 dataset, but not including failed robot
executions. LIV 26| generates cross-modal embeddings with temporal coherence
and semantic alignment, calculating rewards based on current state images and
language objectives. We fine-tune LIV and train DVD on the same successful
human and robot task videos as Adapt2Reward. We also include a compari-
son to a random policy. For all reward functions, we use the aforementioned
VMPC for action selection to ensure a fair comparison. In Fig. [3] we compare
Adapt2Reward with 7 human tasks to these prior methods. Across all environ-
ments, Adapt2Reward significantly outperforms the three comparison methods
on target tasks, exceeding the best-performing method by over 28% on average.

4.3 Task Generalization

In this experiment, we investigate the impact of incorporating human data on the
reward function’s capacity to generalize across new tasks. Following DVD [5], we
train the Adapt2Reward model on robot videos from three distinct tasks within
the training environment without utilizing any robot data from the target tasks.
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Specifically, these three tasks are used for training: (1) opening drawer, (2) push-
ing cup from right to left, (3) poking cup so lightly that it doesn’t or almost
doesn’t move; the four target tasks are listed in the Section [£.2] Additionally,
we incorporate a variable amount of human data into our training regimen. As
shown in Table [I} we compare our method with the methods described in our
prior experiment. Given our focus on task generalization, all evaluations are
conducted within the training environment. To further evaluate the influence of
human data on enhancing generalization capabilities, we conduct comparative
analyses between our method and prior approaches across various human tasks
in Table [Il Following DVD, ‘Robot Only’ means the reward model is trained
solely with robotic data from three training tasks, without any data from four
target tasks or any human data. ‘Robot + 3 Human Tasks’ refers to training
with both robot and human videos from the three training tasks. ‘Robot +
6 Human Tasks’ further incorporates human data from three additional tasks
(different from the training and target tasks). In Table [1} the success rates of
Adapt2Reward on novel tasks surpass those of previous methods by nearly 30%.
Our analysis also shows that training with human videos enhances task gener-
alization by approximately 15-40% over Robot Only, likely due to mitigating
overfitting and maintaining human data-derived knowledge. Incorporating 6 hu-
man tasks significantly boosts model performance, affirming the efficacy of a
hybrid training approach in bridging human and robotic domain knowledge.

4.4 Ablation Study

In this study, we aim to assess the influence of failure data on Adapt2Reward,
contrasting two training methodologies: one devoid of failure data and the other
utilizing Binary Cross-Entropy (BCE) loss for distinguishing successful from un-
successful videos. In Fig. a), the average success rates in environmental and
task generalization experiments are presented. The results indicate a substantial
enhancement in the model’s generalization ability with the inclusion of failure
data, likely due to learning from a broader range of characteristics and pat-
terns. Moreover, leveraging failure prompts for understanding the causes and
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Fig.5: Task Generalization in C2R-Envs. We report the success rates of rein-
forcement learning on 68 tasks with manually crafted rewards, Concept2Robot, and
Adapt2Reward. The majority of policies obtained by Adapt2Reward match or exceed
“manually crafted reward”. In comparison to Concept2Robot, Adapt2Reward demon-
strated superior performance across most tasks.

contexts of failures proved more effective for generalization than merely using
BCE loss, which may compromise the model’s learned knowledge from human
data. Furthermore, in Fig. b), our ablation study on the cluster number K,
indicating the number of failure categories per task, shows our approach is not
very sensitive to the hyper-parameter and K = 3 as the optimal value.

We also assess how different sources of failure data affect generalization. We
use two methods to collect failure data for training: (1) random exploration
and (2) near-success scenarios (achieved by adding noise to successful trajecto-
ries or collecting from pre-trained RL models). In Fig. [f{c), we present success
rates of Adapt2Reward with failure data from different source across several
environments. Results indicate that combining failure data from varied sources
outperforms using data from a single source, possibly due to a wider range of
failure patterns captured from diverse origins.

To demonstrate the superior generalization of Adapt2Reward over models
trained with BCE loss for unseen tasks, Fig. d) showcases the reward distri-
bution for various trajectories. Models using BCE loss incorrectly assigne high
rewards to failed trajectories. In contrast, Adapt2Reward accurately distribute
rewards, clearly differentiating between successful and failed trajectories.

4.5 Concept2Robot Environments Efficacy

To further evaluate our approach, we use Pybullet to simulate each environment
associated with 68 tasks. Similar to Concept2Robot Environments (C2R-
Envs), the robot is a simulated 7-DoF Franka Panda robot arm with a two-
fingered Robotiq 2F-85 gripper. We consider a similar setup as described in
Section [£.1] where Adapt2Reward is now trained on robot videos of the 12 robot
tasks from the simulation environment including success and failed execution
(500 videos for each task), as well as human data of all tasks in SS-V2, and
measure performance across seen and unseen robot tasks. In this experiment,
unlike the VMPC approach for selecting actions in the previous experiments,
we follow the method used in the Concept2Robot and leverage the open-
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Task Concept2Robot Adapt2Reward Task Concept2Robot Adapt2Reward
pushing box from left to right 86(-5) 91(+5) pushing box from left to right 37(-54) 66(-20)
pushing box onto book 54(-37) 81(-12) pushing box onto book 39(-52) 61(-32)
moving book up 89(-6) 97(-2) moving box away from box 53(-44) 99(+-2)
moving book down 95(-5) 100(0) moving box closer to box 71(-19) 91(+4)
(a) Viewpoint variation. (b) Distractor Objects.

Table 2: Visual Robustness. We report the success rates of Concept2Robot and
Adapt2Reward trained with different viewpoints or distractor objects in C2R-Envs.
Parentheses show the percentage change from an unchanged viewpoint.

loop trajectory generator, which combines deep Deterministic Policy Gradients
(DDPG) [23] with the Cross-Entropy Method (CEM) [38] to solve the problem.

In Fig. [f] we display the success rate of 68 tasks under different reward func-
tions. We find that Adapt2Reward-based strategies often equal or surpass “manu-
ally crafted reward” strategies. This advantage likely stems from Adapt2Reward’s
provision of dense reward scores, which favorably assess near-success attempts in
contrast to binary ground truth rewards. In further comparisons, Adapt2Reward
consistently outperform Concept2Robot, which utilizes the classifier as a re-
ward function, across several tasks, notably Taskl2 (dropping a box onto a
book) and Task95 (pushing a box off a book). This superiority may result from
Concept2Robot’s generic templates representing objects as “[Something]” during
training, which compromises task-specific object interaction recognition, hinder-
ing accurate success state and object relation identification.

Also, We examine reward function robustness by varying viewpoints and ob-
jects. Although Adapt2Reward was trained on frames from a fixed camera per-
spective, we evaluated its performance under different camera angles. As shown
in Table 2] (a), changing camera angles significantly impacted Concept2Robot
(success rates dropped by 5%-37%), whereas Adapt2Reward showed greater sta-
bility (success rates decreased by less than 12%). As shown in Table [2| (b),
Adapt2Reward outperformed Concept2Robot by 20-46% in success rates under
this new visual arrangement, demonstrating its robustness to visual variations.

5 Conclusion

In our work, we underscore the importance of integrating failed robotic videos
into reward learning alongside human videos, addressing the disparity between
human video-language datasets and robotic datasets in this context. We intro-
duce learnable failure prompts as an effective method to capture patterns of
robotic failures, significantly augmenting the model’s adaptability and applica-
bility. Our method shows superior generalization in robotic environments, i.e.,
Meta-World and Concept2Robot environments, where our reward models are
effectively adapted to unseen environments and instructions.
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