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Abstract— Designing robust and scalable reward functions remains a significant challenge in 
reinforcement learning for robotic systems. Traditional reward engineering approaches are 
task-specific, labor-intensive, and fail to generalize across diverse real-world environments. In 
this work, we introduce RoboReward, a vision-language reward model that leverages 
pretrained CLIP embeddings to generate scalar reward signals from visual observations and 
natural language instructions. 
To improve computational efficiency, we propose an 8-frame temporal aggregation strategy 
that reduces redundancy while preserving essential task-relevant information. Compared to 
full-frame processing, this reduces training time from 6.48 days to approximately 2 hours on a 
single T4 GPU. 
Experimental results demonstrate strong performance, achiev-ing a Pearson correlation of 
0.896 with ground-truth rewards and a Mean Squared Error (MSE) of 0.2048. Furthermore, 
RoboReward generalizes across multiple tasks without requiring manual reward engineering. 
These results highlight the effectiveness of vision-language models for scalable and efficient 
reward modeling in robotic learning systems. 
 
Index Terms—Robotics, Reinforcement Learning, Vision-Language Models, Reward Modeling, 
CLIP. 

I. INTRODUCTION 

Reinforcement learning (RL) has emerged as a powerful framework for enabling autonomous decision-making 
in robotic systems. It allows agents to learn optimal behaviors through continuous interaction with their 
environment. A fundamental component of RL is the design of reward functions, which provide the supervisory 
signal guiding policy optimization [1]. However, in practical robotic applications, reward functions are typically 
handcrafted and highly task-specific, requiring substantial domain expertise and iterative tuning. As tasks grow 
more complex and diverse, manual reward engineering becomes a significant bottleneck, limiting scalability and 
hindering deployment in dynamic, real-world environments. 
This limitation is particularly evident in tasks involving high-level semantic objectives, long-horizon 
dependencies, and unstructured environments, where it is challenging to explicitly define reward functions. Prior 
approaches, such as inverse reinforcement learning and preference-based learning [2], [3], have attempted to 
address this issue. However, these methods often rely on large amounts of labeled data or human feedback, 
which restricts their practicality and scalability. 
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Recent advances in Vision-Language Models (VLMs), such as CLIP [4], have demonstrated strong capabilities 
in aligning visual inputs with natural language semantics. These models have been extended to robotic 
applications, enabling instruction-following and generalization across tasks through multimodal reasoning [5]–
[7]. By leveraging pretrained multimodal repre-sentations, VLMs provide a promising approach for learning 
reward functions directly from high-level task descriptions, reducing the dependence on manual reward 
engineering. 
The core problem is the lack of scalable, generalizable reward functions for robotic RL. Manual reward 
engineering is impractical for complex tasks, while prior data-driven approaches (IRL, RLHF) require large 
expert datasets, limiting scalability. This motivates a reward model that requires no manual engineering, 
generalizes via natural language, and operates within limited compute. To address this, we introduce 
RoboReward, a vision-language reward model mapping video observations and natural language instructions to 
scalar rewards via pretrained CLIP embeddings, with an 8-frame temporal aggregation strategy that cuts training 
from multiple days to ~2 hours on a single T4 GPU. 
Unlike prior approaches requiring large-scale fine-tuning or complex temporal architectures, RoboReward shows 
that simple frame averaging with frozen CLIP embeddings is sufficient for scalable reward modeling, offering a 
practical path to deployment on limited hardware. 
Our main contributions are as follows: 
 We propose RoboReward, a scalable vision-language reward modeling framework that eliminates the need 

for handcrafted reward functions. 
 We introduce an efficient 8-frame temporal aggregation strategy, cutting training time from multiple days to 

under two hours without compromising performance. 
 We demonstrate that RoboReward achieves competi-tive accuracy while significantly reducing training 

time, highlighting a favorable efficiency-performance trade-off, achieving a correlation of 0.896 with 
ground-truth rewards and a Mean Squared Error (MSE) of 0.2048. 

 We validate the generalization capability of our approach across multiple tasks, highlighting its applicability 
to real-world robotic systems. 

II. LITERATURE SURVEY 

A. Reward Learning in Reinforcement Learning 

Reward modeling plays a critical role in reinforcement learning, particularly in settings where explicit reward 
design is difficult. Traditional approaches rely on manually engineered reward functions, which are often brittle 
and task-specific. To address this, prior work has explored learning rewards from demonstrations and human 
feedback. Inverse Reinforcement Learning (IRL) [2] aims to recover reward functions from expert behavior, 
while Reinforcement Learning from Human Feedback (RLHF) [3] learns reward models based on preference 
comparisons. Although these approaches reduce the need for manual reward design, they typically require large 
amounts of expert demonstrations or human annotations, limiting scalability in real-world applications. 

B. Vision-Language Models for Representation Learning 

Recent advances in Vision-Language Models (VLMs) have enabled joint reasoning over visual and textual 
modalities. A key breakthrough in this domain is Contrastive Language-Image Pretraining (CLIP) [4], which 
learns a shared embedding space by aligning images with their corresponding textual descriptions. This 
multimodal alignment allows models to generalize across tasks without task-specific supervision. CLIP and 
similar mod-els have demonstrated strong zero-shot performance across a wide range of vision tasks, making 
them a powerful foundation for downstream applications. 

C. Multimodal Learning in Robotics 

Building upon VLMs, recent research has explored their integration into robotic systems. Approaches such as 
SayCan 
[5] combine language models with affordance-based reasoning to enable task planning, while PaLM-E [6] 
incorporates multimodal inputs directly into large-scale embodied mod-els. Similarly, VIMA [7] demonstrates 
the effectiveness of multimodal prompts for general robot manipulation tasks. These methods highlight the 
potential of combining vision and language to improve generalization and reduce task-specific engineering in 
robotics. 
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D. Limitations of Existing Approaches 

Despite these advancements, several challenges remain. First, many existing approaches focus on policy learning 
rather than reward modeling, leaving the problem of scalable reward generation underexplored. Second, methods 
that leverage multimodal representations often require extensive fine-tuning or large-scale training, resulting in 
high computational costs. 
Finally, temporal reasoning in video-based reward estimation is often handled inefficiently, leading to increased 
latency and resource consumption. 
Furthermore, existing methods often prioritize model com-plexity over efficiency, leaving the design of 
lightweight and scalable reward models relatively underexplored. 

E. Our Contribution 

In contrast to prior work, we propose RoboReward, a lightweight and computationally efficient vision-language 
re-ward model that prioritizes scalability without sacrificing performance. By leveraging pretrained CLIP 
embeddings and a simple yet effective temporal aggregation strategy, our approach reduces computational 
overhead while maintaining strong alignment with task semantics. 

III. METHODOLOGY 

A. Problem Formulation  

We aim to learn a vision-language reward function that maps visual observations and natural language 
instructions to scalar reward values. Given a trajectory τ = (v1, v2, ..., vT ) and a task description l, the 
objective is to learn: 

R = f (τ, l) (1) 

where R ∈ R represents how well the observed behavior aligns with the intended task. 
In this work, we focus on supervised reward learning using datasets with explicit reward annotations. While 
the proposed framework can be extended to multi-dataset settings or alternative supervision signals, such 
extensions are beyond the scope of this study. 

B. Dataset and Preprocessing 

The dataset is based on publicly available robotic manipu-lation benchmarks, ensuring diversity in task 
objectives and visual contexts. 
We utilize a dataset of approximately 10,000 video samples with corresponding task descriptions and reward 
annotations. From each trajectory, N = 8 frames are uniformly sampled to capture temporal context efficiently. 
Each frame is resized to 
224 × 224 pixels. 

C. Multimodal Feature Extraction 

We use a pretrained CLIP model as a frozen backbone to extract visual and textual embeddings. 
For each sampled frame: 

zv = ϕv(vi), zv ∈ R512 (2) 

For the language instruction: 

zl = ϕl(l), zl ∈ R512 (3) 

D. Temporal Aggregation 

Frame-level embeddings are aggregated using averaging: 

𝑧̅௩  =  
ଵ

ே
∑ 𝑧௜

௩ே
௜ୀଵ              (4) 

This provides a compact and robust representation of the input trajectory. 

E. Feature Fusion 

The aggregated visual embedding z¯v and textual embedding zl are fused into a joint representation. In our 
implementation, we use concatenation: 
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z = [z v̄; zl] (5) 

While more advanced fusion mechanisms such as cross-attention may further improve alignment between 
modalities, we adopt concatenation for computational efficiency. 
As illustrated in Fig. 1, the proposed pipeline integrates visual and language representations to predict reward 
signals. 

 
Fig. 1. Overview of the RoboReward framework 

A sequence of video frames is processed using a CLIP-based visual encoder to extract frame-level embeddings, 
which are temporally aggregated. In parallel, task instructions are encoded using a CLIP text encoder. The 
resulting embeddings are fused and passed through a lightweight prediction network to generate scalar reward 
values. 

F. Reward Prediction Network 

The fused representation is passed through a lightweight Multi-Layer Perceptron (MLP): 

Rpred = g(z) (6) 

where g(·) consists of: 

1024 → 512 → 1 
with ReLU activation. This design balances expressiveness and efficiency. 

G. Reward Normalization 

To stabilize training, reward values are normalized: 

 

H. Training Objective 

We primarily optimize the model using Mean Squared Error (MSE) loss: 

LMSE = 
1

M
 ∑ (RPred - RNorm)2M

i = 1       (8) 

Additionally, alternative training objectives such as classification-based or ranking-based losses can be 
incorporated to improve robustness across heterogeneous datasets. However, in this work, we focus on the 
regression objective for stability and simplicity. 

I. RL Integration 

The learned reward model can be integrated into reinforce-ment learning pipelines in future work. 

Rtotal = αrenv + βRpred (9) 
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where α and β control the contribution of environment and learned rewards. In this work, we focus on standalone 
reward modeling and leave full RL integration for future exploration 

J. Computational Efficiency 

RoboReward is designed for efficiency. By using pretrained CLIP embeddings, freezing the backbone, and 
reducing tem-poral redundancy through 8-frame sampling, training time is reduced from 6.48 days to 
approximately 2 hours on a single T4 GPU. 

K. Implementation Details 

All embeddings are L2-normalized prior to fusion. The CLIP backbone remains frozen during training. The 
model is trained using batch optimization with the following settings: 
 Optimizer: Adam 
 Learning rate: 5 × 10−5 
 Batch size: 32 
 Epochs: 25 
 Input resolution: 224 × 224 

IV. EXTENDED EVALUATION ACROSS BENCHMARK DATASETS 

We evaluate the performance of RoboReward in terms of prediction accuracy, computational efficiency, and 
general-ization capability. Across multiple training runs, the model demonstrates consistent performance with 
negligible variance in both MSE and correlation metrics. 

TABLE I: PERFORMANCE COMPARISON OF ROBOREWARD 

Method MSE ↓ Corr. ↑ Time ↓ 
Full Frame 0.198 0.902 6.48 days 
CLIP Baseline 0.312 0.742 3 hours 
 RoboReward (Ours) 0.2048 0.896 2 hours 

A. Ablation Study 

Table II presents a quantitative comparison of different frame sampling strategies. Using fewer frames reduces 
computation but may lose important temporal information, while using full video sequences increases training 
cost significantly. Empirically, we evaluate frame sampling strategies using 4, 8, and full-frame inputs. While 4-
frame sampling reduces computational cost further, it leads to a noticeable drop in correlation. Full-frame 
processing achieves slightly better accuracy but incurs significantly higher training time. The proposed 8-frame 
strategy provides the best trade-off between efficiency and performance. 

TABLE II: ABLATION STUDY ON FRAME SAMPLING STRATEGIES 

Number of Frames MSE ↓ Correlation ↑ Training Time ↓ 
4 Frames 0.245 0.842 1.5 hours 
8 Frames (Ours) 0.2048 0.896 2 hours 
Full Frames 0.198 0.902 6.48 days 

While full-frame processing achieves marginally better accu-racy, the improvement is minimal compared to the 
substantial increase in computational cost, highlighting the efficiency advantage of the proposed approach. 

B. Computational Efficiency 

A primary objective of RoboReward is to improve the computational efficiency of reward modeling. In the 
standard setup, handling full video sequences with around 640 frames each required about 6.48 days of training 
time on a T4 GPU. However, by using the proposed 8-frame temporal aggregation method, the training time 
dropped to roughly 2 hours. This demonstrates a significant improvement in computational efficiency. 
These results indicate that temporal compression can signifi-cantly reduce computational requirements without 
compromis-ing essential information for reward prediction. 

C. Training Stability 

To analyze optimization behavior, we plot the training loss across epochs as shown in Fig. 2. The model 
demonstrates rapid convergence within the initial training phase, with loss decreasing sharply in the first few 
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epochs and stabilizing thereafter. This indicates that the combination of pretrained CLIP embeddings and reward 
normalization enables stable and efficient learning without gradient instability. 

D. Quantitative Performance 

By the 25th training cycle, the model reached a Mean Squared Error (MSE) of 0.2048 and a Pearson correlation 
coefficient of 0.896 between the predicted and actual reward values. The high correlation suggests that the model 
accurately understands how visual observations relate to the meaning of the task, while the low MSE indicates 
that the reward predictions are very accurate. 

 
Fig. 2. Training loss curve of RoboReward across epochs. The model converges rapidly within the initial training phase and stabilizes 

without oscillations, indicating stable optimization behavior. 

E. Qualitative Analysis 

To further evaluate model performance, qualitative analysis was conducted on randomly sampled test cases. 
For example, in one case, the model predicted a reward of 1.22 compared to the real value of 1.00, showing a 
close match.  
Across multiple samples, predicted rewards consistently align with ground-truth values, indicating reliable 
generalization across diverse task scenarios. These results suggest that RoboReward demonstrates strong 
generalization to unseen samples, providing reliable reward estimates in various situations. 

F. Experimental Setup 

We evaluate the proposed RoboReward model on multiple robotic manipulation datasets, including LIBERO 
(Object, Spatial, Goal, and Long-Horizon variants), ALOHA, PushT, and the RoboReward dataset. These 
benchmarks cover a wide range of task complexities, including object manipulation, spatial reasoning, and long-
horizon planning. 
The datasets are obtained from publicly available sources on Hugging Face [8]–[14]. 

TABLE III: ROBOREWARD MODEL CONFIGURATION 

Property Value 
Visual Backbone CLIP ViT-B/32 (frozen) 
Text Encoder CLIP Text Transformer (frozen)  
Embedding Dimension 512 
Temporal Sampling 8 frames (uniform)  
Fusion Concatenation 
Reward Head MLP (1024 → 512 → 1) 
Input Resolution 224 × 224 
Loss Function Mean Squared Error (MSE) 
Optimizer Adam 
Batch Size 32 
Epochs 25 
Hardware NVIDIA T4 GPU 

Each dataset is divided into training and evaluation sets using an 80:20 split. All reported results are computed 
on held-out evaluation data to ensure unbiased performance assessment. 
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TABLE IV: PERFORMANCE OF ROBOREWARD ACROSS MULTIPLE ROBOTIC BENCHMARK DATASETS 

Dataset AUROC ↑ RMSE ↓ 
LIBERO-Object 0.9406 0.2004 
LIBERO-Spatial 0.8907 0.2391 
LIBERO-Goal 0.7611 0.2905 
LIBERO-Long 0.9270 0.2087 
ALOHA 0.9400 0.1047 
PushT 0.5032 0.2922 
RoboReward 0.7190 0.4805 

G. Benchmark Datasets 

The results demonstrate that RoboReward achieves strong performance on object-centric and long-horizon tasks, 
particu-larly on the LIBERO-Object and ALOHA datasets, achieving high AUROC scores with relatively low 
RMSE values. How-ever, performance degrades significantly on PushT, where the model operates close to 
random behavior, indicating limitations in capturing fine-grained geometric reasoning tasks. 
Additionally, moderate performance on the RoboReward dataset suggests challenges in handling diverse reward 
scales and multi-robot environments. 

H. Failure Analysis 

The model exhibits limitations in tasks requiring precise geometric reasoning. In such cases, performance 
degrades significantly, suggesting that CLIP-based representations may not capture fine-grained spatial 
relationships effectively. 
Additionally, tasks involving diverse multi-robot scenarios show reduced accuracy, indicating that the current 
model struggles with heterogeneous environments and complex reward distributions. 
These observations highlight important limitations of vision-language reward models and suggest directions for 
future improvements. 

I. Limitations 

The current evaluation is based on a limited number of runs, and additional experiments with multiple random 
seeds are required to assess robustness. Furthermore, the reliance on simple temporal averaging may limit 
performance on tasks requiring detailed temporal reasoning. Finally, the absence of diverse baseline comparisons 
restricts a comprehensive understanding of the model’s relative performance. 

J. Discussion 

The results demonstrate two key advantages of the proposed approach. First, RoboReward achieves a strong 
balance between computational efficiency and prediction accuracy, making it suitable for scalable robotic 
learning. 
The 8-frame temporal aggregation strategy further demon-strates robustness across varying task durations, 
indicating that uniform sampling is sufficient to capture essential task progression. 
Overall, these findings confirm that RoboReward provides a practical and scalable alternative to traditional 
reward engineering in reinforcement learning. 
While direct comparison with large-scale vision-language reward models is limited due to differences in 
evaluation protocols and computational requirements, our results demon-strate competitive performance relative 
to lightweight baselines, emphasizing the efficiency-performance trade-off achieved by RoboReward. 

V. CONCLUSION AND FUTURE WORK 

In this work, we introduced RoboReward, a scalable vision-language reward modeling framework that addresses 
the limitations of manual reward engineering in reinforcement learning. 
Our experiments demonstrate strong performance, achieving a Pearson correlation of 0.896 and a Mean Squared 
Error (MSE) of 0.2048, while reducing training time from several days to approximately two hours on a single 
T4 GPU. 
One limitation of the proposed approach is the reliance on simple temporal averaging, which may not capture 
complex temporal dependencies in long-horizon tasks. 
Future work will focus on expanding the dataset to improve robustness, exploring attention-based temporal 
modeling tech-niques, and integrating RoboReward into full reinforcement learning pipelines for real-world 
robotic deployment like au-tonomous drones. UAVS (Unmanned Aerial Vehicles), Robotic arm manipulators, 
etc. 
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