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Abstract

Open-ended instruction generation and precise
intervention timing are challenging in real-time
coaching scenarios for human, where instructions
are both sparse and highly domain-specific. Tradi-
tional methods rely on rigid, task-specific heuris-
tics that struggle to generalize, while Large Lan-
guage Models (LLMs) can generate versatile in-
structions but often fall short in real-time contexts
due to their computational costs. Our insight is
that fast-to-extract LLM embeddings—rather than
full text generation—can capture the semantic re-
lationships needed to both determine when to in-
tervene and what instruction to provide. We intro-
duce STREAMCOACH, an embedding-based sys-
tem that continuously represents new learner con-
texts in real time and compares them to past sce-
narios where timely interventions were effective.
By computing embedding similarity, STREAM-
COACH retrieves relevant instructions that guide
the generation of new, domain-specific feedback
at precisely the right moments. We validate our
method in a high-performance driving scenario,
demonstrating gains in both accuracy and timeli-
ness of driver coaching.

1. Introduction

Imagine a novice driver tackling a challenging racing circuit,
where every split-second decision matters (DeCastro et al.,
2024; Gopinath et al., 2024). In such dynamic environments,
concurrent coaching can dramatically improve performance
by offering actionable guidance during the activity instead
of providing feedback only after the task is completed. In
this setting, the ability to generate free-form instructions
that are both contextually rich and immediately applicable
is crucial.

Generating effective, real-time instructions poses several
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challenges. First, the system must interpret noisy and rapidly
changing inputs to produce instructions that accurately re-
flect the current situation. Second, while the timing of guid-
ance must adapt to dynamic learner behavior, the quality of
instruction relies on limited expert annotations, making it
difficult to balance immediacy and content precision (Pan-
chal et al., 2024; Smith & Doe, 2023). Finally, the vari-
ability across tasks, learner proficiency, and environmental
contexts demands that the system generalize effectively to
new situations (Nguyen & Roberts, 2024).

To address these challenges, we introduce STREAMCOACH,
a teaching model that leverages the contextual understand-
ing of large language models within a slow-fast inference
framework. Our approach combines rapid decision-making
with deep, context-sensitive reasoning (Sinha et al., 2024)
by operating in two stages.

In the fast inference stage, STREAMCOACH uses a hybrid de-
cision system: a pretrained LLM converts each system state
into a language-based embedding that captures both broad
semantic context—such as learner behavior and environ-
mental cues—and subtle task-specific details. A dedicated
classifier then extracts fine-grained patterns to determine
if an intervention is needed. For example, if a student’s
repeated mistakes or hesitations indicate confusion (a posi-
tive coaching scenario), expert feedback would typically be
provided; conversely, when the student is performing well
(a negative coaching scenario), no intervention is necessary.
By quickly comparing the current state against historical
examples from both positive and negative coaching scenar-
i0s, this fusion of embeddings and classifier cues allows the
system to handle noisy inputs and dynamic conditions and
quickly determine whether coaching intervention is required
or not.

If the fast inference stage deterines that a coaching interven-
tion is required, the system advances to the slow reasoning
stage. This stage is the heart of STREAMCOACH, as it pro-
duces rich, context-aware concurrent feedback. A retrieval-
augmented generation model fetches relevant past experi-
ences—including the expert instructions given in similar
past cases—and integrates these with additional contextual
cues, such as task-specific goals, the current environmental
conditions, and the observed learner behavior. This synthe-
sis generates a nuanced, free-form instruction that is finely
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Figure 1: Comparison of Teaching Methods: Terminal teaching, where feedback is given after the session for overall
performance improvement; Concurrent teaching with fixed instructions, which provides real-time guidance using structured
commands; and Concurrent teaching with free-form language. The gray lines represent the track borders, while the red line
illustrates the reference driving line for the optimal path. The dotted line indicates the actual driving trajectory of the driver.

tuned to the current context, ensuring that the final coaching
intervention is both accurate and tailored to the learner’s
specific needs.

By decoupling the rapid assessment of the learner’s state
from the more detailed, context-aware instruction genera-
tion, our approach effectively balances the need for timely
intervention with the demand for rich contextual understand-
ing. This dual-stage framework not only addresses the core
challenges of real-time coaching but also enhances the sys-
tem’s adaptability and robustness, even when data is scarce.

In this work, we investigate the application of a slow-fast
inference framework for concurrent coaching in dynamic
environments. Experiments are conducted in the domain
of concurrent coaching for car racing, focusing on evalu-
ating both the timing and content quality of the generated
instructions. The results demonstrate the ability of STREAM-
COACH to deliver accurate and contextually relevant instruc-
tions in real time while addressing challenges such as data
scarcity and task variability.

2. Related Work

LLMs for Education LLMs offer personalized and scal-
able learning experiences through natural language inter-
action (Xu et al., 2024; Wang et al., 2024a). They have
been applied to problem-solving (Wu et al., 2023b; Bom-
marito II & Katz, 2022; Cui et al., 2023; Liévin et al., 2023;
Thirunavukarasu et al., 2023; Wu et al., 2023a; Yang et al.,
2023a; Kazemitabaar et al., 2023; Savelka et al., 2023; Ope-
nAl, 2023; Zhang et al., 2024), error correction (Zhang et al.,
2023; Zhao et al., 2023), question generation (Doughty et al.,
2024; Lee et al., 2023; Xiao et al., 2023), etc. Fine-tuning on
domain-specific data enhances their pedagogical alignment,
yet most applications target conceptual tasks rather than
physical skills. Teaching physical skills requires LLMs to
interpret multimodal inputs and actions. A pioneering work
has used LLMs for terminal feedback in physical tasks (Sri-
vastava et al., 2023), but this approach only offers post-

task evaluation. In contrast, concurrent teaching requires
real-time, context-sensitive guidance that allows learners
to adjust their actions on the fly. In this work, we present
STREAMCOACH, a model that generates immediate, precise
instructions through a slow-fast reasoning framework for
real-time physical skill learning.

LLMs for Autonomous Driving LLMs are being ex-
plored in autonomous driving to enhance high-level reason-
ing—such as interpreting traffic laws, generating behavior
strategies, and assisting with path planning (Cui et al., 2024;
Yang et al., 2023b; Wang et al., 2023; Mao et al., 2023b;a;
Sima et al., 2024). They also improve human-vehicle inter-
action by enabling natural language commands and are used
in retrieval-augmented systems to explain agents’ behav-
iors (Yuan et al., 2024; Hussien et al., 2024). Unlike these
applications that generate vehicle behavior, our work fo-
cuses on producing timely instructional feedback for human
learners. Rather than replicating expert driving behavior,
STREAMCOACH observes and analyzes the learner’s actions
to provide corrective guidance that promotes proper tech-
nique and decision-making.

Retrieval Augmented Generation Retrieval Augmented
Generation (RAG) integrates LLMs with external retrieval
mechanisms to enrich generation with domain-specific
knowledge (Gupta et al., 2024; Li et al., 2025; Rau et al.,
2024; Wang et al., 2024b; Zhao et al., 2024; Shen et al.,
2024; Han et al., 2025; Li et al., 2024; Gao et al., 2024;
Lewis et al., 2020). By querying a curated repository during
inference, RAG incorporates relevant examples or expert an-
notations, leading to more informed responses (Yuan et al.,
2024; Hussien et al., 2024). For physical skill instruction,
RAG addresses data scarcity by retrieving similar expert ex-
amples and enhances contextual understanding by combin-
ing these examples with the LLM’s reasoning capabilities.
In our framework, the fast inference stage quickly deter-
mines when an instructional intervention is needed, while
the slow reasoning stage employs RAG to retrieve relevant
experiences and generate nuanced, context-aware instruc-
tions. This approach improves feedback quality and ensures
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Figure 2: Map of the racing track layout. The green stars
represent cones placed along the lap to mark key points,
the grey lines indicate the track borders, and the red line
illustrates the reference driving line for optimal driving path.

effective generalization across varied tasks and learner be-
haviors.

3. Problem Formulation

We treat concurrent teaching as a sequential process in
which the system operates at discrete time steps ¢ =
1,2,...,T. At each time ¢, the system observes multimodal
inputs

_ state task _behavior
Ot—{ot , 00 of }

and produces a free-form instruction Z, € £ U {0}, where
() indicates that no instruction is given. Our goal is to gener-
ate well-timed instructions with content closely aligned to
expert recommendations. To quantify this, we define a per-
formance score at each step, S; = Siming(t) * Scontent(t)s
and consider the total score over the whole task horizon as
the overall measure of teaching quality. We assume access

i N\ N .

to a dataset D = {(Ogl)T, If:(%)) }i_y> where Z; = 0 indi-
cates that no expert instruction was given at time ¢. The
timing score siming () evaluates whether the generated in-
struction Z; (when it is not () is issued within a valid interval

[tstart ) tend] :

1,
Stiming (t) = {

0, otherwise.

if tgeneration S [tstarla tend]v

For all states within this time window, we classify them
as a positive scenario, assuming the entire window shares
the same instruction. Conversely, all other scenarios are
categorized as negative scenarios.

The content score Scontent(t) measures the similarity be-
tween the generated instruction Z; and the expert’s in-
struction Z;. Common metrics include cosine similar-
ity or BLEU/ROUGE (Papineni et al., 2002; Lin, 2004):
Scontem(t) = Sim(It; Iz()

Algorithm 1 STREAMCOACH

1: Input: Observation o, embedding function ¢, positive cache
Dyos, negative cache Dy, classifier f, threshold 7, retrieval
parameter k, RAG model.

: Output: Instruction Z; or no instruction.

: V Fast Inference Stage

: Compute embedding: e; + ¢(o¢)

el et

Spos < maXEEDpos m’

W AW

: Compute similarity scores:
eTet

Sneg € MAXeE Dney TeTe,

6: Compute decision score: As <— (Spos — Sneg)

7: if As < 7 and f(e;) = O then

8: ReturnZ; =)

9: end if

10: v Slow Reasoning Stage

11: Retrieve top-k similar experiences:

-
e e
&t < Top-k {e € Dpos : %}
llellllel
13: Retrieve corresponding instructions for each e € &;
14: Generate instruction: Z; < RAG(E:, o)
15: Return Z;

The teaching strategy should yield a high cumulative score.
Over the dataset D, the system aims to learn a mapping from
past observations 1 ; to instructions Z; that maximizes this
measure of both timely and relevant feedback.

3.1. Task Domain: Concurrent Coaching for Car Racing

Car racing is a dynamic, high-stakes environment where
split-second decisions and precise maneuvers are cru-
cial (DeCastro et al., 2024; Gopinath et al., 2024). This
work focuses on the domain of concurrent coaching for
car racing, where the goal is to deliver real-time, action-
able feedback that enables drivers to adjust their techniques
during a race. The challenge lies in generating timely and
context-sensitive instructions from noisy inputs, while ac-
counting for rapidly changing race conditions and variability
in driver performance, see Fig. 2 for illustrations.

4. STREAMCOACH

To address these challenges, we propose a slow-fast infer-
ence framework inspired by (Sinha et al., 2024). STREAM-
COACH operates in two key stages, as illustrated in Fig. 3:

1. Fast Inference. In this stage, the system quickly de-
termines whether instructional feedback is needed by
leveraging language embeddings generated by an LLM.
These embeddings are compared to prior experiences
from the training data using similarity matching. This
rapid evaluation identifies scenarios that require inter-
vention.

2. Slow Reasoning. If an instruction is deemed neces-
sary, the system transitions to the slow reasoning stage.
Here, an RAG mechanism retrieves relevant past expe-
riences—specifically, examples where human coaches
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Figure 3: Overview of STREAMCOACH during test time. Left: STREAMCOACH converts the current driver action,
car state, and map data into a language description. Middle: The description is embedded using a language model.
Cosine similarity with cached positive/negative embeddings and a trained classifier determine whether to trigger slow
reasoning. Right: If triggered, relevant instructions are retrieved from the positive cache for retrieval-augmented generation.

provided guidance—to inform the creation of a context-
sensitive instruction. (see Algorithm 1 for details).

4.1. Fast Inference

Fast inference serves as the initial stage in our slow-fast
framework, aiming to quickly determine whether an inter-
vention is required. This stage combines semantic reasoning
using language embeddings with task-specific classification
to enable rapid and accurate decision-making.

To enable embedding-based reasoning, each observation
ot € Oy is translated into a language description via pre-
defined templates. These templates extract key features
from the system state, task-related goals, and learner be-
havior, converting them into consistent, natural language
statements. This structured language representation ensures
that essential details are preserved and facilitates meaningful
comparisons during embedding-based reasoning.

Given a dataset D = {((9512‘,1, If:%)) N |, each observation
ot € OY)T is mapped to an embedding e; = ¢(o;), where
¢(-) is a pretrained language embedding model. These

embeddings are partitioned into:
Dpositive = {6: | It* 7é @}7 Dnegalive = {6: | I: = @} (1)

This division enables the system to differentiate scenarios
requiring intervention from those that do not, based on the
embeddings’ semantic context.

Fast inference determines whether to generate an instruction
by leveraging prior experiences stored in the embedding
cache. To complement the embedding-based reasoning, we
train a binary classifier: f: R? — {0, 1}, which operates on
embeddings with dimension d and captures fine-grained dis-
tinctions between scenarios. While the classifier enhances
task-specific adaptivity, it may lose some of the broader se-
mantic information inherent in the embeddings. To address

this, we adopt a hybrid decision strategy that combines the
classifier’s output with embedding-based similarity compar-
isons.

At runtime, the embedding e; = ¢(o;) for a new observation

is computed. Its similarity to both Dpsitive and Dhegagive 18
measured using cosine similarity:

-
€ €t

Spositive(€¢) = MmMax ———— 2

posine(€) = JBX. Tel el @
T
e' e

Snegative (6t) = max i 3)

ec Dnegallve W '

The embedding-based decision score is defined as:
As(er) = Spositive (€¢) — Snegative (€¢)- The final decision com-
bines this score with the classifier’s prediction:

)

Here, 7 is a threshold (set to 0 in our experiments). This hy-
brid approach ensures that instructions are generated based
on either strong similarity to positive experiences or the clas-
sifier’s positive prediction. In practice, we use two frames of
observation—the current frame and the previous frame—to
extract embeddings. For clarity of notation, this detail is
omitted in the equations.

generate instruction,

0,

if As(et) > 71 or f(es)
otherwise.

I L

By integrating embedding-based semantic reasoning with
classifier-based task-specific distinctions, the hybrid mecha-
nism achieves computational efficiency while maintaining
adaptability. Precomputed embeddings allow rapid compar-
isons, while the classifier ensures robustness to subtle vari-
ations, enabling real-time, context-aware decision-making
across diverse scenarios.
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4.2. Slow Reasoning

Slow reasoning refines the decision-making process by lever-
aging the embedding generated during fast inference to re-
trieve relevant past experiences and generate a contextually
appropriate free-form instruction Z;. This stage employs
Retrieval Augmented Generation (RAG) to ensure that the
generated instruction aligns with both historical positive ex-
periences and the specific context of the current observation.

We denote the reasoning model by R. Formally, R is de-
fined as a mapping that takes as input a composite prompt
P, and produces a free-form instruction Z;. The prompt
P, is constructed by concatenating the retrieved instruction-
embedding pairs along with additional context from the cur-
rent observation, such as task-specific goals, the learner’s
behavior, and the environmental state. This design enables
‘R to generate instructions that are both informed by histori-
cal data and tailored to the current scenario.

Let o be the current observation, with its corresponding em-
bedding e; = ¢(0;) computed during fast inference. This
embedding is used to retrieve a set of relevant past expe-
riences from the positive cache Dpogiive. Specifically, a
retrieval set

G*Tet

t *

ot o Dyosi 5
||6;H|‘€t” ‘et € positive ( )

&= Top—k<

is constructed by selecting the top & embeddings with the
highest cosine similarity to e;. Each retrieved embedding
e; € & is linked to its corresponding historical instruc-
tion Z; from the dataset D, providing contextually relevant
examples where instructions were previously issued.

The retrieved instruction-embedding pairs
{(. T}, e, (©)

serve as the basis for constructing the composite prompt
P,. The prompt P; integrates these retrieved examples with
additional contextual details from the current observation
o; The reasoning model R then processes the prompt P;
to generate a new instruction: Z; = R(FP;), ensuring that
the generated instruction is both semantically aligned with
historical examples and adapted to the current context.

We present two ways to implement the RAG model (i.e., the
reasoning model R) for slow reasoning:

Prompting-Based Approach. A large pretrained LLM is used
as is. The system forms the prompt P, by concatenating
the current observation’s language description, the relevant
retrieved instructions, and additional contextual details. The
LLM then acts as the reasoning model by generating the
instruction Z; = R(P;). This approach is straightforward
to deploy and requires no additional training, making it flex-
ible and easily adapted to new tasks.

Fine-Tuned Approach. In this variant, the LLM is further
trained on a curated dataset D. Each training example is

augmented with the top-k retrieved instructions, effectively
incorporating them into the prompt P; during fine-tuning.
This process teaches the model to leverage past examples
and domain-specific context when generating new instruc-
tions. The fine-tuned reasoning model R thus produces
outputs that are more accurate and aligned with expert guid-
ance.

5. Experiment

We aim to investigate the following questions in the experi-
ment section: RQ1: Can our proposed framework accurately
determine when to provide instructions in real-time (i.e., tim-
ing) while learners perform dynamic tasks? RQ2: Does our
approach generate instructions whose content aligns well
with expert guidance across diverse scenarios? RQ3: How
does our slow-fast inference framework compare to existing
baselines in terms of both timing and content quality?

5.1. Data Curation

The dataset was collected from a study with 15 participants
guided by an expert coach in simulated driving tasks. It
includes 339 trials sampled at 10Hz, resulting in 383,303
frames. After preprocessing, 13,576 instructions from the
expert was obtained. Each frame captures the driving
task state through: Position ((z,y, z)), Velocity ({vg,vy)),
Orientation ({05, 0y, 05, 0)) as quaternions, and Driver’s
Actions ({Steering, Speedometer, Throttle, Brake)). Racing
line and map information contextualize trajectories relative
to the optimal path, with a typical lap shown in Fig. 2. The
dataset is divided into training (70%) and evaluation (30%)
sets based on different participants, ensuring no overlap and
robust testing on unseen participants.

5.2. Baselines

Baselines for Timing:

1. Classifier Only: A neural network predicts binary out-
puts based on the current state and driver actions. (de-
tails in appendix).

2. Embedding Only: Decides instruction timing by com-
paring the incoming state embedding with cached pos-
itive/negative embeddings (Eq. (4)).

3. Rule-Based: Manual rules trigger instructions when
deviations exceed optimized thresholds.

4. VideoLLM-Online: Streams real-time instructions with
a special token for timing (Chen et al., 2024; Panchal
etal., 2024).

Baselines for Content Evaluation: We evaluate content
generation using both prompting-based methods (with chain-
of-thought reasoning) and fine-tuned models.

Prompting-Based:
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“Right.”
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“Straighten the wheel.”
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middle of the racetrack here.” to be on the right-hand side.”
“Aim for the tower”

“Stay in the middle of the track’

“Keep looking for the cone”

“Let the car go out to the right”

Figure 4: Qualitative Results: The blue dot represents the car’s position, the green arrow shows its direction of movement,
the red line marks the reference driving line, and the gray line outlines the track border.

1. Zero-shot LLM: Generates instructions directly from a
state description without domain-specific examples.

2. Few-shot LLM: Generates instructions using a few in-
domain examples for grounding.

3. Retrieval Top 1: Retrieves the closest instruction from
the training set via cosine similarity of observation
embeddings.

Fine-tuned Models:

1. Latest Observation LLM: Generates instructions using
only the latest 3 observations.

2. Full History LLM: Generates instructions using the
entire historical observation sequence (Srivastava et al.,
2023).

3. VideoLLM-Online: As above.

5.3. Implementation Details

STREAMCOACH can be implemented using two approaches:
a prompting-based method and a fine-tuned method, both
leveraging MPNet (Song et al., 2020) for fast instruction
retrieval via Sentence-Transformer (Reimers & Gurevych,
2019). For more details, please refer to the appendix.

The prompting-based method uses a pre-trained LLM R
without additional training. The current observation o, con-
verted into a language description along with context (e.g.,
past observations, task states, and retrieved instructions), is
input to the LLM, which generates instructions based on
its pre-trained reasoning. The fine-tuned method trains the
LLM on a dataset D of observations and expert-annotated
instructions. Using LoRA (Hu et al., 2022), LLaMa-3.1-
8B-Instruct (Meta, 2024) is fine-tuned with an additional
two-layer MLP encoder for contextual embedding, follow-
ing the approach in LLaVA (Liu et al., 2023).

5.4. Evaluation Metrics

The evaluation of STREAMCOACH focuses on two key as-
pects: content similarity and timing.

Content Evaluation: Content similarity reonent(t) is as-
sessed using metrics such as Cosine Similarity (Manning

et al., 2008), BLEU (Papineni et al., 2002), ROUGE (Lin,
2004), BERTScore (Zhang et al., 2020), and ME-
TEOR (Banerjee & Lavie, 2005). GPT-40 (OpenAl, 2023)
is used to evaluate generated instructions against the ground
truth. For each comparison, the ground truth Z} and two
generated instructions are provided and the order of gen-
erated instructions is randomized to prevent bias. GPT-40
determines which one of the generated instructions is closer
to the ground truth or declares a tie. Final judgments are
aggregated across all samples.

Timing Evaluation: Timing 7ming (t) ensures instructions
fall within a valid 1.5-second window centered on the
dataset-provided timestamp ¢. Metrics include True Pos-
itive Rate (TPR), Balanced Accuracy, and Fjg_ Score.

Overall Evaluation: To evaluate the overall performance
of concurrent coaching, we propose an overall evaluation
metric based on cosine similarity. For all positive scenarios,
we compute the product of whether the model predicts the
need to generate instructions (as a binary indicator) and the
cosine similarity. This product serves as the overall perfor-
mance metric, capturing both the model’s decision-making
accuracy and the quality of its generated instructions.

5.5. Experiment Results

The main content evaluation results are presented in Ta-
ble 1 and Fig. 5, with qualitative results in Fig. 4. Zero-
shot LLMs perform poorly due to their lack of task-specific
knowledge, while few-shot LLMs, using limited in-domain
examples, show improved performance by incorporating
domain grounding. Methods like VideoLLM-Online, which
handle both timing and content generation simultaneously,
struggle to achieve both accuracy and contextual relevance.
Embedding-based retrieval approaches perform well, as ob-
servation embeddings effectively capture task-relevant in-
formation. Even retrieving the top-1 instruction based on
embeddings yields reasonable results, demonstrating their
robustness for retrieval-augmented generation and domain-
specific reasoning. Among all methods, STREAMCOACH
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Table 1: Content Evaluation: Generated Instruction Semantic Similarity Comparison. The table compares both prompting-

based and finetuned-based approaches.

METHOD COSINE SIMILARITY BLEU  BERTSCORE METEOR ROUGE

ZERO-SHOT LLM 0.2501 0.000 0.8302 0.0150 0.0282

PROMPTING FEW-SHOT LLM 0.3165 0.0209 0.8625 0.1600 0.2181
RETRIEVAL ToP 1 0.4168 0.0545 0.8721 0.2186 0.2747

OURS 0.4544 0.0948 0.8770 0.2787 0.3384

LATEST OBSERVATION LLM 0.2883 0.0077 0.8517 0.0856 0.1197

FINETUNED FuLL HisTOrRY LLM 0.3110 0.0142 0.8566 0.1050 0.1415
VIDEOLLM-ONLINE 0.2061 0.0036 0.8241 0.0504 0.0483

OURS 0.5029 0.1067 0.8889 0.2972 0.3818

Table 2: Timing Evaluation: Timing performance of vari- GPT-4o as Judge

ous models is evaluated using a 1.5-second time window.

METHOD TPR ACCURACY  Fg—o
CLASSIFIER ONLY 0.5592 0.6213 0.5676
EMBEDDING ONLY 0.5513 0.5631 0.5465

RULE-BASED 0.3186 0.4353 0.3293
VIDEOLLM-ONLINE  0.0110 0.5029 0.0136
OURS 0.7017 0.6133 0.6677

Table 3: Overall Evaluation: All models, except

VideoLLM-Online, utilize the fine-tuned reasoning model
from STREAMCOACH.

TIMING METHOD REASONING MODEL SCORE
CLASSIFIER ONLY OURS 0.3015
EMBEDDING ONLY OURS 0.2851
RULE-BASED OURS 0.1999
VIDEOLLM-ONLINE 0.0025
STREAMCOACH 0.3686

achieves the best overall performance, with the fine-tuned
version further improving results across all metrics by lever-
aging domain-specific training to achieve the highest scores
and win rates.

Table 2 summarizes the timing performance for each method
using a 1.5-second window. The Classifier Only method
relies on task-specific features for binary predictions, while
Embedding Only uses embeddings to compare the current
state with positive/negative examples. Both achieve mod-
erate performance but lack deeper task awareness. Our
hybrid approach, combining these methods, achieves the
best results overall by leveraging pretrained embeddings’
semantic understanding and task-specific knowledge from
the classifier. Rule-Based methods perform poorly, as expert
instructions depend not only on deviations from a reference
trajectory but also on the driver’s performance.

Table 3 presents the overall evaluation results, aligning with
the standalone evaluations of timing and content. Lever-
aging the slow-fast inference framework, STREAMCOACH
significantly outperforms methods that attempt to jointly
learn timing and content, while maintaining real-time re-
sponsiveness. These results highlight STREAMCOACH’s
ability to effectively balance task-specific reasoning with
real-time performance requirements.

(@

. Win
(b)

Loss

=
5

0 20 40 60 0 100

% Rate

Figure 5: LLM as Judge Results: (a) STREAMCOACH (FT)
vs. Latest State LLM, (b) STREAMCOACH (FT) vs. Full
History State LLM, (c) STREAMCOACH (FT) vs. STREAM-
COACH (Prompting).

5.5.1. ABLATION STUDY AND FURTHER ANALYSIS

Ablation on the Number of Retrieved Samples The num-
ber of retrieved examples significantly influences the per-
formance of the retrieval-augmented model by balancing
contextual diversity and relevance. While retrieving more
examples enriches the context for generating instructions,
excessive retrieval can introduce noise or redundancy, de-
grading performance. This trade-off is particularly critical in
real-time systems, where both efficiency and accuracy mat-
ter. To examine this balance, we conducted an ablation study
using the prompting approach to evaluate STREAMCOACH’s
robustness with varying numbers of retrieved samples. As
shown in Fig. 6(a), the performance of STREAMCOACH sta-
bilizes after £ = 10, indicating diminishing returns beyond
this point. While diversity is essential, excessive retrieval
may be counterproductive. Future work could explore adap-
tive strategies that adjust k£ dynamically based on input
characteristics or task complexity, optimizing the balance
between diversity and relevance.

Ablation on the Time Window Size Human experts exhibit
stochastic behavior, making the appropriate time window
for determining correct instruction timing highly dependent
on the content of the instruction. Selecting the optimal time
window is crucial to balance precision and timeliness, espe-
cially in dynamic, real-time tasks like car racing. To eval-
uate the impact of time window size on task performance,
we conducted an ablation study. As shown in Fig. 6(c),
larger windows consistently improve TPR, Accuracy, and
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Figure 6: Ablation Analysis: (a) Effect of the number of retrieved samples; (b) Effect of retrieval cache size; (c) Effect of

time window size.

Table 4: Ablation Study on Reasoning Models for Instruction Generation: All models use MPNet as the embedding

model.
METHOD COSINE SIMILARITY?]
-40-MINI .
GEMINI 1.5 FLASH 0.4152
CLAUDE HAIKU 0.4248

BLEU

0.0570
0.0710

BERTSCORE METEOR ROUGE
877 27787 ;

0.8669 0.2240 0.2785

0.8668 0.2386 0.2871

Table 5: Ablation on Embedding Models for Timing:
Performance of different embedding models is evaluated
using the embedding-only method for timing.

METHOD TPR ACCURACY Fg—o
MPNET 0.5513 0.5631 0.5465
TEXT-EMBEDDING-3-SMALL | 0.5547 0.5603 0.5484
TEXT-EMBEDDING-3-LARGE  0.5473 0.5631 0.5435

F1 scores by relaxing timing constraints, allowing the model
more flexibility to align with expert behavior. However,
while larger windows yield better performance, they risk
compromising timeliness, which is critical for fast-paced
domains like car racing. Based on these results, we choose
a 1.5-second window for this application, as it provides a
balance between performance and real-time responsiveness.

Ablation on the Size of Retrieval Cache Another com-
pelling aspect of the retrieval-based approach is its scalabil-
ity as the number of cached scenarios increases. A larger
training dataset provides access to a broader range of sce-
narios, enhancing the system’s ability to retrieve relevant
examples and generate contextually appropriate instructions.
However, increasing the dataset size also introduces chal-
lenges, such as higher retrieval complexity and the potential
for retrieving less relevant or noisy examples. To investigate
this trade-off, we perform an ablation study by varying the
size of the cached scenarios. The results show that after
reaching 60% of the original training data, the model’s per-
formance stabilizes, indicating that further gains are not
achieved by simply increasing the dataset size. This sug-
gests that the diversity of the cached scenarios, rather than
their quantity, plays a more critical role in enhancing re-
trieval quality.

Model Selections The embedding model and reasoning
model are critical components of STREAMCOACH. To eval-

uate their impact, we conducted ablation studies with differ-
ent configurations for each. For the embedding model, we
tested MPNet, TEXT-EMBEDDING-3-SMALL, and TEXT-
EMBEDDING-3-LARGE from OpenAl. As shown in Ta-
ble 5, consistent with previous findings in (Sinha et al.,
2024), the performance across these models was compa-
rable, indicating that larger, commercialized embedding
models do not provide significant advantages in this context.
In contrast, the reasoning model had a more pronounced
impact on performance, as shown in Table 4. We compared
three commercialized fast LLMs: GPT-40-Mini, Gemini
1.5 Flash, and Claude Haiku. GPT-40-Mini demonstrated
superior performance, significantly outperforming the other
two.

6. Limitations

While our approach shows promise for real-time coaching,
it has limitations. First, it uses LLMs instead of vision-
language models (VLMs), missing task-specific visual in-
puts like driving scenes. Training VLMs would require
larger, diverse datasets, which are currently unavailable.
Second, the framework’s performance depends on the qual-
ity and diversity of cached experiences, limiting generaliza-
tion in data-scarce domains like car racing. Lastly, using a
fixed time window for instruction timing may not capture
the variability of human coaching in dynamic conditions.

7. Conclusion

In this paper, we tackled the challenge of real-time con-
current coaching for car racing using a slow-fast inference
framework. Our approach combines quick decision-making
with detailed, context-aware reasoning to generate clear



StreamCoach: Online Coaching with LLMs

and actionable free-form instructions, helping drivers ad-
just their performance in real-time. By using language em-
beddings and retrieval-augmented generation, the system
integrates historical expert knowledge with the current con-
text, ensuring timely and relevant feedback. We showed
that our framework effectively balances the trade-offs be-
tween timing precision and content accuracy in demanding
environments, even with limited annotated data and without
incorporating task-specific visual input.
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A. Training Details

In this section, we provide more information about training details.

A.1. Finetuned LLM

To fine-tune the LLM using retrieved instructions as input, we employ LoRA with a rank of » = 32. Specifically, all
fine-tuned models are trained for 4 epochs with an initial learning rate of 2 x 10™%, a cosine learning rate schedule, and a
warmup phase spanning the first 0.05 epochs.

For the Latest State LLM, the input prompts the model to generate the instruction that the assistant is expected to provide
based on the latest observation:

<|begin_of_text|>A multimodal AI assistant is helping coach driver to do car racing in a
lap. Below is the stream of state of the ego car, interleaved with the instruction
from the assistant.

[<s><s5><s5>;<5><s5><5>; <s><5><s5>]
Assistant:

For Full History LLM and VideoLLM Online, the input would look like:

<|begin_of_text|>A multimodal AI assistant is helping coach driver to do car racing in a
lap. Below is the stream of state of the ego car, interleaved with the instruction
from the assistant.

[<5><s8><5>; <s><35><5>; <8><5><35>; <3><s5><5>; <5><3><5>; <s><5><38>; <s><s5><3>; <5><35><5>; <s><35><S3
>;<8><85><8>;<85><35><8>;<s><3><35>;<s><5><35>;<8><38><35>;<8><s><3>;<35><3><3>; <s5><3><5>; <s><
S S RS PN S S P AN S PR E S S S C S S PR C P RS SRS S S P B S PN S PRSP RS S PSP S P BSS BRSSP S P AN S PSS NS
>; <8><s><g>; <s><s><s>]

Assistant:

The difference lies in whether the LLLM is prompted to generate a ; token, which determines the timing of instruction
generation.

For STREAMCOACH, the input would look like:

<|begin_of_text|>A multimodal AI assistant is helping coach driver to do car racing in a
lap. Below is the stream of state of the ego car, interleaved with the instruction
from the assistant.

[<5><8><s5>;<s5><8><s5>;<5><8><5>; <5><5><5>; <5><5><5>; <s><s5><5>; <s><s5><5>; <s><s5><5>; <s><s5><5S
>; <s><s5><s5>]
In the similar scenario, instructions given to the driver are: ["A little more gas.", "
over to the left.", "turn now,", "over to the left.", "over to the left", "over to the
left hand side.", "over to the left.", "get close to that cone.", "over to the left
.", "over to the left,"]
Assistant:

Here, (s) is a special token encoded using a two-layer MLP to represent contextual information. Each contextual input is
composed of three (s) tokens:

* The first (s) encodes Position ({z,y, z)), Velocity ((vg, vy)), Orientation ({04, 0y, 0-, 0,,)) as quaternions, and Driver’s
Actions ((Steering, Speedometer, Throttle, Brake)).

* The second (s) encodes map information, including the 20 nearest borders of the track.

* The third (s) encodes reference line information, specifically the 20 nearest sample points of the reference line.

For each type of contextual information, we train a separate MLP to encode it into the embedding space, following an
approach similar to LLaVa (Liu et al., 2023).
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A.2. Classifier Training

We construct a MLP neural network as the classifier, with an input size of 768, corresponding to the MPNet embedding size.
The network consists of three sequential blocks:

* First block: A fully connected layer maps the input (768 dimensions) to 1024 channels, followed by a ReLU activation,
and then another fully connected layer maps 1024 channels to 512, also followed by ReL.U activation.

* Second block: Takes the 512-channel output from the first block and applies two fully connected layers, each
maintaining 512 channels. A ReLU activation follows the first layer.

e Third block: Maps the 512-channel input from the second block to 256 channels, followed by ReLU activation. It
further reduces the size sequentially through 128, 64, and finally 1 channel, with ReLLU activations between layers.

The network incorporates a skip connection, where the output of the first block is added to the input of the third block before
proceeding through the final layers. This design allows the model to learn residual mappings, improving its ability to capture
complex relationships in the data.

The model is trained for 100 epochs using a learning rate of 1 x 10~* and Binary Cross Entropy Loss. A StepLR scheduler
is applied, reducing the learning rate by a factor of 0.1 every 30 epochs. To address class imbalance, we adopt a resampling
strategy to ensure an equal number of negative and positive samples during training.

B. State Description

We use description of current frame and one previouse frame as the input to the embedding model for retrieval. Here is an
example:

Step 1:

The position of the car is: [-663.29, -75.16, 0.94] in meters.

The orientation of the car is: [-0.0, -0.02, 0.7, 0.71] in quaternion.
The velocity of the car is: [0.06, 10.44] in mph.

The speedometer reading is: 23.0 in mph.

The driver’s actions are: throttle=0.86 brake=0.0 steering=-0.02

The inner edge of the road is: [[-669.23 -75.52], [-669.47 -73.53], [-669.7 -71.55],
[-669.93 -69.56], [-670.17 -67.58]] in meters.
The outer edge of the road is: [[-662.11 -74.86], [-662.35 -72.87], [-662.6 -70.89],

[-662.85 -68.9 ], [-663.11 -66.92]] in meters.

Step 2:
The position of the car is: [-663.28, -74.28, 0.96] in meters.
The orientation of the car is: [-0.0, -0.02, 0.7, 0.71] in quaternion.

3l The velocity of the car is: [0.02, 10.75] in mph.

The speedometer reading is: 24.0 in mph.

The driver’s actions are: throttle=0.86 brake=0.0 steering=-0.01

The inner edge of the road is: [[-669.35 -74.52], [-669.59 -72.54], [-669.82 -70.56],
[-670.05 -68.57], [-670.29 -66.59]] in meters.

The outer edge of the road is: [[-662.23 -73.86], [-662.47 -71.88], [-662.73 -69.89],
[-662.98 -67.91], [-663.24 -65.92]] in meters.

C. Prompt
Here, we show the prompt for prompting LLMs that does not require training, for zero-shot generation:

For few-shot generation:

You are a Driving Coach. You are responsible for providing driving instructions to the
driver to learn car racing, here are some instructions you given in some similar
situations as reference:
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In the similar situation, the instruction have been given are: ["full throttle", "Over to
the left,", "A little more gas.", "Over to the left.", "Steer now.", "Over to the left
.", "over to the left hand side.", "Over to the left now", "over to the left,", "so
small turn to the left", "now turn,", "Now start going over to the left.", "over to
the left hand side.", "Now get close to this cone here.", "over to the left.", "a
little bit of steering", "over to the left,", "from the right", "Stay to the right,",
"over to the left.", ]

Now, The current position of the car is: [-664.59, —-47.47, 1.43] in meters.

The current orientation of the car is: [-0.01, -0.02, 0.74, 0.67] in quaternion.

The current velocity of the car is: [-1.87, 17.23] in mph.

The current speedometer reading is: 39.0 in mph.

The driver’s actions are: throttle=0.9 brake=0.0 steering=-0.0

The inner edge of the road is: [[-866.23 -455.3 ], [-866.57 -457.24], [-866.82 -459.19],
[-867.02 —-461.15], [-867.18 —-463.11]] in meters.

The outer edge of the road is: [[-874.32 -454.28], [-874.68 -456.36], [-874.98 -458.46],
[-875.24 -460.57], [-875.44 -462.69]] in meters.

Inner egde is on the left-hand side and outer side is on the right-handside. Please
provide the next instruction to the driver in a concise way. No more than 10 words.
One instruction at once, do not combine. Put your final instruction starting with ’The

final instruction is:’ without any formatting. Think Step by Step.
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