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Abstract

In this work, we use Vision-Language Models (VLMs) as a
binary success detector given a robot observation and task de-
scription, formulated as a Visual Question Answering (VQA)
problem. We fine-tune the open-source MiniGPT-4 VLM to
detect success on robot trajectories from the Berkeley Bridge
and Berkeley AUTOLab UR5 datasets. We find that while
a handful of test distribution trajectories can train an accu-
rate detector, transferring learning between different environ-
ments is challenging due to distribution shift. In addition,
while our VLM is robust to language variations, it is less ro-
bust to visual variations. In the future, more powerful VLMs
such as Gemini and GPT-4 have the potential to be more ac-
curate and robust success detectors, and success detectors can
provide a sparse binary reward to improve existing policies.

Introduction
Detecting task success is an important problem for several
reasons. Success detection ensures task completion and al-
lows agents to recognize and recover from errors. It aids
robots in fine-tuning by generating a surrogate reward, al-
lowing policy improvement with minimal human interven-
tion (Yang et al. 2023). Further, automated success detection
reduces efforts spent on manually annotating robot data.

Generalizability is an important consideration since a suc-
cess detector should be able to annotate diverse robot ob-
servations. A success detector should generalize given the
following alterations.
1. Visual/environment variation. Images indicating success

on the same task can have a different viewpoint, lighting,
background, environment setup, and distractor objects.

2. Language variation. Task descriptions which represent
the same goal can differ semantically, use synonyms, or
have varying levels of specificity.

3. Task Generalization. A success detector should general-
ize to unseen tasks, given that the model has already seen
a large number of tasks in similar environments.

VLMs are then a natural choice for a robust success detec-
tor because they can be pre-trained on internet scale image-
text pairs. We use MiniGPT-4 because it is open-source and
can be fine-tuned with in-distribution robot data.
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Contributions
This project makes the following contributions.
• Accurate Few-Shot Success Detector. MiniGPT-4 fine-

tuned with test-distribution trajectories achieves ≥ 95%
balanced accuracy on two Berkeley UR5 tasks.

• Analysis of Cross-Dataset Influence. We investigate how
fine-tuning on one robot dataset affects performance on a
different dataset.

• Visual and Language Variation Study. We find that while
accuracy decreases for visual variations, our success de-
tector is highly robust to language variations.

Related Work
Vision-Language Models VLMs aim to understand and
generate textual information by jointly processing visual and
textual data. Examples include CLIP and Flamingo, which
are trained with contrastive objectives (Radford et al. 2021)
(Alayrac et al. 2022). Current state-of-the-art VLMs include
GPT-4 and Gemini (OpenAI 2023) (Akter et al. 2023). In
this work, we use MiniGPT-4 which aligns a frozen visual
encoder with a frozen LLM (Zhu et al. 2023).

VLMs for Success Detection Most similar to our work is
RoboFUME, which also uses MiniGPT-4 as a success detec-
tor fine-tuned with the Berkeley Bridge dataset (Yang et al.
2023). Our research builds upon RoboFUME by examining
the low data regime, effects of co-finetuning, and the visual
and language robustness of the model. Also closely related
is DeepMind’s use of Flamingo as a binary success detector
on robot observations given VQA prompts (Du et al. 2023).
In similar spirit, works such as VIP and LIV seek to encode
a universal reward function from vision-language represen-
tations (Ma et al. 2023b) (Ma et al. 2023a).

Approach
Datasets We use the Berkeley Bridge dataset and Berke-
ley UR5 Demonstration Dataset (Walke et al. 2023) (Chen,
Adebola, and Goldberg 2023). Example demonstrations are
shown in Figure 1. The Bridge dataset includes 60,096
trajectories with 13 skills and 24 environments, including
kitchens, tabletops, sinks, and laundry machines. The Berke-
ley UR5 Demonstration Dataset has 896 trajectories and 4
tasks on the same tabletop environment.
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Figure 1. Success detection as a VQA task using demonstra-
tions from the UR5 (top) and Bridge (bottom) datasets.

To classify images as success or failure, we assign the
last 3 images of a trajectory to be successful and randomly
choose 5 images from all but the last 10 images of the trajec-
tory to be failures, similar to RoboFUME (Yang et al. 2023).
We rephrase each task instruction into a question and the an-
swer to each prompt is “Yes.” or “No.”, a binary response.

MiniGPT-4 Fine-tuning We use the language model
Vicuna-13B with MiniGPT-4 (Chiang et al. 2023).
MiniGPT-4 is pre-trained on over 5 million image-text pairs.
We fine-tune the pre-trained checkpoint using observations
from 5 to 400 trajectories per dataset.

Experimental Results
Few-shot Success Detection on UR5 Dataset We build
a few-shot success detector on two UR5 tasks: “Sweep the
green cloth to the left side of the table” and “Pick up the
blue cup and put it into the brown cup.” We evaluate on 100
unseen observations. As shown in Tables 1 and 2, as little as
5 trajectories can achieve a balanced accuracy of 92% and
94% respectively. Without fine-tuning, zero-shot accuracy is
poor around 50% in part because the model has trouble out-
putting a binary response. False positive rates are low after
fine-tuning which is ideal to avoid reward exploitation.

# trajectories Balanced Accuracy FPR FNR Precision

0 49% 30% 73% 22%
5 92% 2% 14% 97%

10 86% 0% 28% 100%
25 95% 2% 8% 97%

Table 1. Accuracy on UR5 cloth sweeping versus amount of
fine-tuning trajectories

# trajectories Balanced Accuracy FPR FNR Precision

0 56% 71% 16% 51%
5 94% 2% 9% 96%

10 91% 5% 13% 91%
25 97% 7% 0% 90%

Table 2. Accuracy on UR5 cup stacking versus amount of
fine-tuning trajectories

Fine-tuning on Berkeley Bridge Dataset We fine-tune
with 400 trajectories from the Bridge Dataset. The majority

of tasks are unique although objects and skills are recycled.
We evaluate using 25 Bridge trajectories of unseen tasks.

Results are shown in Table 3. We achieve a balanced train
accuracy of 87.6% and a test accuracy of 70.3%. Though
lower, the test accuracy reveals that MiniGPT-4 is able to
generalize to unseen tasks if it has familiarity with the
environment and objects. In contrast, when we fine-tuned
MiniGPT-4 on two UR5 tasks and tested on two unseen UR5
tasks, the VLM was not able to generalize, indicating that
just one or two skills is not sufficient for generalization.

Balanced Accuracy FPR FNR Precision

Train 87.6% 15.6% 9.2% 85.3%
Test 70.3% 33.3% 26.0% 69.2%

Table 3. Train and Test Accuracy on Bridge Dataset

Co-finetuning Study We study whether co-finetuning
with the Bridge and UR5 datasets can improve accuracy
on the UR5 dataset. Ultimately as shown in table 4, co-
finetuning has lower accuracy as the two dataset distribu-
tions are too different. Fine-tuning on solely Bridge causes
the VLM to predict majority failures on the UR5 dataset. Co-
finetuning performs worse than fine-tuning with only UR5,
as the model optimizes to the less relevant Bridge dataset.

# trajectories BA FPR FNR Precision

25 UR5, 0 Bridge 95% 2% 8% 97%
0 UR5 400 Bridge 52% 2% 94% 63%

25 UR5, 400 Bridge 90% 3% 17% 94%

Table 4. Accuracy on UR5 cloth sweep with co-finetuning

Robustness to Visual and Language Variations To test
visual robustness, we apply 10 augmentations to a test
dataset of 25 UR5 cloth sweeping trajectories including ro-
tation, brightness, contrast, crop, sharpen, blur, noise, and
adding shapes. To study language robustness, we paraphrase
the cloth sweeping prompt in 8 different ways that change
semantic structure and use synonyms. Results in Table 5
show that balanced accuracy decreases by 20% with visual
augmentations but only 1% with paraphrasing. Thus, we are
likely bottlenecked by the vision and not language model.

Balanced Accuracy FPR FNR Precision

Original 95% 2% 8% 97%
Augmented 75% 0% 51% 100%
Paraphrased 94% 0% 12% 100%

Table 5. Accuracy on UR5 cloth with augmentations and
paraphrasing

Conclusion
We develop an accurate few-shot success detector using the
VLM MiniGPT-4. When fine-tuned on Berkeley Bridge, the
detector can also generalize to unseen Bridge tasks. In the
future, extending this work to more powerful VLMs such as
GPT-4 or Gemini zero-shot is promising direction, as well
as exploring how success can be used as a sparse reward.
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