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A. Supplementary video
We provide a supplementary video containing an overview
of the paper. The video contains details of the data collec-
tion approach, the method idea and finally, qualitative and
quantitative results, with video examples.

B. Expert feedback dataset
In this work, we propose a novel expert feedback dataset
that contains the tuple (V; V̄; T). The following subsections
contain additional details about the specific prompt used,
some limitations of the dataset and finally, some visualiza-
tions. Please also refer to the supplementary video for video
demo of the dataset samples.

B.1. Prompt for expert commentary classification
and body region tagging

In Sec. 3.2, we outline the process of obtaining a
weakly-supervised training data from commentaries in Ego-
Exo4D [29]. The first step involves summarizing the expert
commentary into a single actionable feedback, followed by
tagging the body region to whether the execution is cor-
rect, incorrect or not mentioned at all. We use the following
prompt to ask Llama 3-70B [2]:

System: Llama3 default system prompt.
User: The following is an expert commentary about
a person playing Basketball. Give a one sentence
summary of the expert feedback and then mention
which body parts out of Head, Shoulder, Hands,
Arms, Legs, Jump needs improvement and which
ones are good execution (you can choose multiple
body parts). Here is the expert’s commentary:
He came down on one foot that time. You want to
make sure you come down on two feet. Right now
he’s putting a little bit too much pressure and stress.
Then on top of that, his left knee is locked, which
could easily cause some hypertension. So be very
aware and careful of your landing.
Assistant: One sentence summary: He came down
on one foot and his left knee is locked, which could
cause some hypertension. \n Needs improvement
parts: Legs, Jump. \n Good execution parts: None.
User: Let’s take a look at the placement of the
shooter’s left guy hand. You can see that it’s in a
really good position on the left side of the ball. If
you take a look at the shooting hand, his right hand
is underneath the ball with his right index finger in

the middle section of the ball. His right index finger
is in the middle section of the ball. This is good po-
sitioning of both his right shooting hand and his left
guy hand on the ball.
Assistant: One sentence summary: Shooter’s hand
is in a really good position on the left side of the
ball. \n Needs improvement parts: None. \n Good
execution parts: Hands.
User: < new question>
Assistant:

This example prompt is the template for basketball, and
we follow a similar process for other scenarios. To ease
the generation process, we provide one incorrect and one
correct execution example, shown above. Subsequently, we
parse the outputs and discard the commentaries that can-
not be parsed. Most of the discarded commentary contains
no information to reliably classify it, as done above. As
included in the prompt above, we use the following body
regions for all the scenarios for a coarse classification:

Head, Shoulder, Hands, Arms, Legs, Jump

B.2. Expert feedback classification examples
Fig. 5 shows some examples of expert commentary prepro-
cessing. The above described prompt results in these sam-
ples. We obtain a summarized expert commentary, along
with label of correct and incorrect execution for every body
region. Recall that the expert commentaries are obtained by
converting expert speech to text using ASR. Consequently,
some samples contain incomplete information and, hence,
discarded (see bottom right in Fig. 5).

B.3. Visualization of the dataset
Fig. 6 shows six samples from the weakly-supervised ex-
pert feedback dataset. See the video examples in the at-
tached supplementary video. Each example contains the tu-
ple (V; T; V̄). All the learner demonstrations have errors
that are pointed out in the expert commentary (center). Fi-
nally, the error is corrected in the expert demonstration. For
example, the jump is incorrect (Example 1) or the follow-
through after shooting is incorrect (Example 6). The same
is corrected in the expert demonstration. Note that all the
videos in the dataset are accompanied by 3D poses.

B.4. Dataset statistics
As noted in Sec. 3.4, we use Ego-Exo4D [29] for our exper-
iments. We choose the physical scenarios in the dataset—



Figure 5. Expert commentary classification examples. Llama3 correctly generates a one-sentence summary of the expert commentary,
along with a tagging of the body region with incorrect and correct execution. The last example shows two discarded examples.

basketball, rock climbing and soccer. These physical sce-
narios contain 34092 expert commentaries. The expert
commentary classification and body region localization re-
sults in labeling 16791 commentaries as having incorrect
executions of at least one body region and 20946 commen-
taries with at least one good execution. Some commen-
taries do not contain enough information for classification
and are discarded. There are 2073 distinct participants in
the scenarios of interest and those are classified into four
categories—novice (340), early expert (420), intermediate
expert (642) and late expert (671). The created expert feed-
back dataset contains 25505 training and 1272 testing sam-
ples. Each training and testing clip is 4 seconds long, which
is the typical duration of an execution in the selected physi-
cal scenarios.

B.5. Manual verification of the test set

We verify the automatically curated test set to obtain a clean
subset of 1; 272 samples. The verification process firsts

check if the expert commentary is correctly summarized
into a single sentence, along with a correct assignment of
the body region. Next, we examine the tuple (V; T; V̄) for
correctness. We check if the feedback in T is incorporated
in V̄ . We only keep the segment if we are certain that the
expert demonstration corrects the mistake in T . Overall,
only 5:5% of the samples were discarded—showcasing the
quality of the automated pipeline.

C. Additional implementation details

The demonstration clips are 4 seconds long and we sample
frames at 32 fps. The InternVideo2 [77] video encoder f V
takes in 8 frames and thus, generates 4 features per second
(totalling 16 features). We concatenate the ego and exo fea-
tures to create 32 input tokens for each demonstration. In
the expert demonstration retrieval training, we use the log
likelihood loss as the relevance score, lower is better.



Figure 7. Human evaluation interface. A screenshot of the human evaluation interface.

F. Limitations

We observe the following limitations:

Incorrect 3D pose for some samples. Recall that the 3D
pose sequence in [29] is calculated by triangulating the po-
sition from various exo cameras placed around the subject.
Thus, the 3D pose sequence is an auto-ground truth. There-
fore, some samples have reconstruction error. However, this
issue is beyond the scope of our work.

Variable expert commentary granularity. There are
many experts annotating the dataset. Therefore, some
experts give fine-grained feedback about legs, hands etc.
whereas some experts provide coarse instructions like in-
correct posture. A consistent granularity is desirable for a
better training, but we do not ignore any sample for a more
diverse expert commentary generation.


