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Deploying LLM agents at scale typically requires choosing between quality and cost. Existing
cost-reduction approaches fail to preserve agility: the ability to iterate rapidly without human time
bottlenecks. Prompt engineering is brittle and slows iteration, while fine-tuning requires multi-day
training and commitment to fixed designs; both are impractical for iterative workflows and time-
sensitive batch jobs. We demonstrate that established inference-time techniques—dynamic in-context
learning and self-consistency cascades—can be leveraged to shift the cost-accuracy Pareto frontier
while preserving agility. Practitioners run the teacher on a small task subset to collect demonstrations,
then immediately deploy a cheaper student on the remainder. At each step, the system retrieves
relevant teacher demonstrations as in-context examples. When multiple student samples agree, we
proceed; when they diverge, we fall back to the teacher. This requires no prompt engineering or
training. On ALFWorld, we match teacher accuracy at 2.5x lower cost ($0.059 — $0.024 per
episode). On AppWorld, we achieve 3.5x cost reduction while recovering 79% of teacher accuracy.
Our empirical analyses provide guidance on key design choices: teacher database size, demonstration
set size, retrieval strategy, and cascade thresholds. These analyses highlight inference-time levers for
navigating cost-performance tradeoffs without sacrificing human development speed.

1 INTRODUCTION

The world has an abundance of ideas for agentic solutions to enable new software features or automate
tasks. However, practitioners face a fundamental tension: developing agents requires agility—the
ability to iterate rapidly without human time bottlenecks—but deploying them at scale requires cost
efficiency. Traditional approaches force an unacceptable tradeoff. Prompt engineering can improve
model performance, but requires laborious trial-and-error that is brittle, unreliable, and slows iteration
cycles (Khattab et al., [2023). Fine-tuning reliably improves the cost-performance frontier, but has
high infrastructure overhead and can require days of training, making it impractical when jobs need
immediate execution.

We define agility as minimizing human development time: the ability to iterate on agent designs
and deploy at scale without manual prompt engineering, multi-day training cycles, or trial-and-error
tuning. This is critical in two scenarios: (1) iterative development workflows, where organizations
refine agent architectures based on user feedback while serving production traffic; and (2) time-
sensitive batch jobs, such as processing large-scale datasets, where running a teacher model on a
small subset to bootstrap a cheaper student for the remaining tasks must happen immediately, without
waiting for fine-tuning cycles or iterative prompt refinement.

We demonstrate that the established inference-time mechanisms of dynamic in-context learning (Liu
et al.l 2021} Zhou et al.}[2024} |Sarukkai et al.,[2025)) and self-consistency cascades (Wang et al.| | 2022b;
Yue et al.,|2024)) can be combined to achieve distillation-like cost reductions while preserving agility.
The key is how these techniques are applied. When running a large batch of tasks, practitioners run
the teacher model on a small representative subset (hundreds of episodes) to collect demonstrations,
then immediately deploy a cheaper student on the remainder. At each step, the system retrieves
relevant teacher demonstrations and inserts them into the student’s context. When retrieved examples
enable confident student predictions (detected via self-consistency across multiple samples), the
student proceeds; otherwise, the system falls back to the teacher. This requires no prompt engineering,
model training, or manual tuning.

Across ALFWorld (Shridhar et al.| 2020) and AppWorld (Trivedi et al., 2024) benchmarks, our
approach shifts the cost-accuracy Pareto frontier. On ALFWorld, we achieve 2.5 cost reduction
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Figure 1: Our approach combines dynamic in-context learning with self-consistency cascades.
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while matching teacher-level accuracy ($0.059 — $0.024 per episode). On AppWorld, a more
complex benchmark requiring multi-step API workflows, we achieve 3.5x cost reduction while
recovering 79% of teacher accuracy. Crucially, our empirical analyses provide practitioners with
guidance on key design choices: teacher database size, demonstration set size, demonstration content,
retrieval strategy, and cascade thresholds. These levers enable practitioners to reliably navigate
cost-performance tradeoffs without sacrificing human development speed.

2 PROBLEM STATEMENT

We address cost-effective agent deployment in settings requiring rapid iteration and immediate
execution. We focus on multi-step interactive tasks where an agent must take multiple actions,
each time receiving feedback from its environment to accomplish a goal (e.g., API call sequences,
structured data workflows).

Formally, consider an interactive environment £ in which an agent receives a task specification (e, g)
(consisting of an environment instance e and task goal g), observes states o;, and executes actions a
over time steps ¢ = 1,. .., T. Each episode produces a trajectory 7 = {(0;, a;)}1_,, terminating in
success or failure.

We assume access to a high-capacity teacher M, with per-token cost ¢, and a lower-cost student M
with cost ¢ < ¢;. The teacher is generally more capable. We can collect teacher demonstrations
offline from tasks 7Tgemo and have inference access to both models.

Constraints. We operate under constraints ruling out traditional cost-reduction approaches: (1) no
model training—the policy 7 uses only inference-time mechanisms (retrieval, prompting, routing),
and (2) immediate deployment—the system must be ready after demonstration collection, without
training cycles. These constraints arise in iterative development workflows (where quick redeployment
as agent designs evolve is essential) and time-sensitive batch jobs.

Objective. We seek a policy maximizing success on test tasks Tiese (With |Tese| >> |Tdemo|) While
minimizing cost:

m* =arg max B [S(m e g) = A-C(m e, 9)]

where Ilf,e, denotes policies using only frozen models, S(m,e,g) € {0,1} indicates success,
C(m, e, g) is total inference cost, and A > 0 controls the tradeoff.

The challenge: the student alone has low cost but poor accuracy; the teacher has high accuracy but
prohibitive cost at scale. Traditional distillation via fine-tuning violates our constraints (requires
training, takes days, breaks when architectures change). We must improve student capability using
only inference-time mechanisms.



Algorithm 1 ReAct-Style Agent Loop

1: function AGENT(g, D, E,T)

2 Cp<+Retrieve(D,[g]) > Retrieve for planning
3 p<LLMyan(g, Cp) > Generate high-level plan
4: 01+ E.reset(g)

5: fort =1toT do
6.
7
8
9

Ci+Retrieve(D,[g,p, 04]) > Step-level retrieval
Tt, Gt < LLMreact (g, D, 0t, Ct) > Reason and act
0t+1,done <« E.step(at)

if done then return trajectory 7
return trajectory 7

3 METHODS

Our approach collects teacher demonstrations once, then uses dynamic in-context learning and
self-consistency cascades to route between student and teacher models at each agent decision step.
Figure I illustrates the overall logic of our algorithm.

Demonstration collection phase: We execute the teacher model M, on tasks from Tgemo to collect
a database D of complete trajectories, including observations, reasoning traces, and actions. This
database is indexed using dense embeddings to enable fast similarity-based retrieval. Demonstration
data collection is a one-time upfront cost; since we assume operating at scale with |7est| >> | Tdemol»
this upfront cost is negligible when amortized over many test tasks. For readers interested in the exact
crossover point where inference savings exceed demonstration costs, we provide a detailed analysis

in Appendix[C.3.4]

Inference phase: For each new task (e, g) € 7q, the student model M; executes a standard ReAct-
style agent loop (Section[3.T). At each decision step ¢, the system retrieves the most relevant teacher
examples from D based on the current goal, plan, and observation, and inserts them into the student’s
prompt (Section [3.3). The student then samples multiple candidate actions under the same retrieved
context. If all samples agree, the student’s action is executed; if they diverge, the system defers to the
teacher for that step (Section [3.4). This loop continues until the episode terminates, with total cost
determined by the number of student queries (cheap) and teacher deferrals (expensive).

3.1 BACKGROUND: REACT-STYLE AGENT ARCHITECTURE

The design of our agents follows the ReAct framework (Yao et al.l 2023), which interleaves planning,
reasoning, and acting in a structured loop (Algorithm[I)). At the start of an episode, the agent generates
a high-level plan p for the goal g. At each timestep ¢, it observes the current state o;, produces
intermediate reasoning r;, and selects an action a; to execute in the environment £. Following recent
best practices (Kagaya et al.| 2024} [Zhou et al.,|2024; Sarukkai et al., 2025)), we perform dynamic
retrieval—retrieving distinct exemplars for each step based on the current context rather than reusing
a static prompt throughout the episode. We adopt this architecture as our foundation, building on
recent findings that dynamic per-step retrieval improves multi-step agent performance.

The action a; at each step is obtained by querying a language model conditioned on the goal g, plan
p, current observation o, and retrieved context C; from the teacher database. Our approach builds on
this by using teacher-generated trajectories as the retrieval source, enabling cost reduction through a
cheaper student model while maintaining the flexibility of this established architecture.

3.2 TEACHER DEMONSTRATION DATABASE

We first construct a database D = {Ti(t) } LZ‘;‘""‘ of teacher trajectories using a high-performing model

M; (e.g., Claude Sonnet 4.5). For each demonstration task (e;, g;) € Tdemo> We run the agent
using the teacher LLM in the environment e; to produce a complete trajectory:

Y = {gi,pi, (0, D al T Y,

where p; is the teacher’s plan, and each step includes the observation oy, reasoning trace r;, and
action a;.



To enable retrieval, we compute dense embeddings using MiniILM-L6-v2 (Wang et al. [2020).
For each trajectory, we separately embed the goal Embed(g;), plan Embed(p; ), and at each step ¢,

the reasoning Embed(r,@). These embeddings are indexed for fast similarity-based lookup during
test-time deployment. Unlike prior self-improving agents that expand D online (Sarukkai et al.|
2025)), our setup keeps D fixed after initial collection to cleanly separate one-time teacher cost from
ongoing student deployment cost.

3.3 ‘DISTILLATION’ VIA DYNAMIC IN-CONTEXT LEARNING

At test time, a smaller frozen model M (e.g., GPT-4.1-mini) interacts with new tasks (e, g) € Trest
using in-context exemplars retrieved from D. The student reuses teacher reasoning traces as dynamic
contextual guidance for each step, transferring behavior without weight updates.

Multi-key retrieval. Inspired by the retrieval system in|Sarukkai et al.| (2025), our retrieval operates
on two levels:

* Trajectory-level (planning): Before execution, retrieve the & most similar teacher goals based on

cosine similarity. Extract the high-level plans {p;} le from these trajectories and provide them as
exemplars when prompting the student to generate its own plan p.

¢ Step-level (acting): At each step ¢, retrieve the top-k most similar teacher steps using aver-

aged cosine similarity across goal, plan, and reasoning. Return a window of neighboring steps

{(o;f, T a;f)} from each retrieved trajectory—providing only the most relevant window of the

trajectory.
This multi-key approach ensures retrieved examples match the current context across multiple relevant

dimensions rather than relying on a single composite embedding.
These exemplars are inserted directly into the prompt of M:
(Th a/t) ~ MS( ‘ g,D, O0¢, Retrieve(D; g,p, Tt)) .

Because retrieval occurs dynamically at each step, the student continually adapts to new contexts
using only teacher demonstrations.

Connection to reasoning distillation. Since retrieved trajectories contain both actions and reasoning
traces r; from the teacher, our approach can be viewed as an in-context variant of reasoning distilla-
tion (Hsieh et al., 2023)), which shows that distilling intermediate reasoning (not just final actions)
improves student generalization. By including r; in the retrieved context, we enable the student to
imitate not only what the teacher did, but why—providing richer signal for behavioral transfer.

Because distillation occurs via in-context learning rather than weight updates, it requires far fewer
demonstration examples to effectively transfer knowledge. In our experiments we show this approach
is effective using only a few hundred examples. This has important practical implications: (1) we
can safely assume | Tgemo| < | Tiest|» making up-front demonstration costs negligible when amortized
over large test sets, and (2) the cost of storing and retrieving from a database of a few hundred
demonstrations is negligible. This synergy between sample-efficient in-context learning and cost-
effective deployment at scale is a key advantage of our approach.

3.4 SELF-CONSISTENCY BASED DEFERRAL

While dynamic retrieval improves the student’s ability to perform more tasks, there may remain
situations where retrieved exemplars fail to effectively guide the student LLM. To detect when the
student is likely to fail despite having access to retrieved teacher examples, we employ a lightweight
introspection mechanism based on self-consistency (Wang et al.|[2022b)). The key insight is that when
in-context learning succeeds, the student’s understanding of the correct action should be stable across
multiple samples. Conversely, when the retrieved examples provide insufficient guidance, there may
be uncertainty in the student’s output, manifesting as disagreement among samples.

Why self-consistency rather than output uncertainty? LLM cascade methods (Chen et al.,|2023b;
Schuster et al., 2022) sometimes use model confidence scores (e.g., token probabilities) to trigger
deferral. In chain-of-thought settings, where the LLM first generates reasoning tokens before action
tokens, computing the uncertainty in the generated answer either requires marginalizing out the
reasoning path (Wang et al., |2022b), or using a sampling-based approach to model the answer



Algorithm 2 Dynamic In-Context Learning with Cascade

1: function STEP(o0:, g, p, D, My, M,, N)

2: C +Retrieve(D, [g, p, 04]) > Retrieve examples
3 {a{"}N.| « Sample(Ms, g, p, o, Ct) > Sample student
4: consistent <— Consistent({aiz) W) > Check agreement
5: if consistent then

6: Ay atl > Use student action
7 else

8 at < Mi(g,p, 0t) > Defer to teacher
9 return a.

distribution (Yue et al., 2024), which naturally allows for the comparison of answers of different
lengths. Paired with an LLM verifier, we find the sampling-based approach to be a simple and
effective way to implement cascades in agentic settings with large action spaces.

Implementation. At each step ¢, the student samples N = 3 candidate actions conditioned on
retrieved exemplars C}:

{G’EZ)}fvzl ~ MS( | g9,Dp, 0t, Ct)
By default, agreement requires all sampled actions to be identical:

Consistent({agi)}ilil) =W [Vi,j, aii) = agj) .
If consistent, we execute the student’s action; otherwise, we defer to the teacher:

o — agl) if Consistent = 1,
‘ M(g,p,0:) otherwise.

For tasks with multiple valid formulations (e.g., API orchestration where different code snippets
implement equivalent behavior), we use a soft-equivalence variant: an auxiliary verifier assesses
whether candidate actions are semantically equivalent despite syntactic differences.

Together, these mechanisms trigger teacher queries only when the student’s in-context reasoning fails
to produce consistent outputs.

Cost accounting. A critical consideration is that sampling N student outputs incurs N times the
student output token cost at each step. However, since ¢, < ¢ (typically 10x cheaper), and costs are
dominated by input tokens in the agentic setting, this overhead remains small compared to a single
teacher query.

4 EXPERIMENTS

We structure our evaluation around three goals: (1) evaluate cost-accuracy trade-offs relative to
baselines; (2) isolate contributions of in-context learning vs. adaptive routing; and (3) provide
practitioners with guidance on key implementation choices.

4.1 BENCHMARK SELECTION

Since agents are commonly used to automate rote workflows—tasks that benefit from rapid prototyp-
ing and deployment—we chose benchmarks where task instances share structural patterns enabling
cross-task learning, while exhibiting sufficient variety to require genuine adaptation. Please see
Appendix [D| for further details on benchmarks.

AppWorld (Trivedi et al., 2024) features workflow automation coding tasks requiring API composi-
tion (Gmail, Contacts, Calendar, etc.), user context interpretation, and multi-step state management.
Tasks are evaluated via automated unit tests. We use 147 tasks from train and val as Tgemos
evaluating on 168 tasks in test-normal.

ALFWorld (Shridhar et al.l [2020) provides a controlled diagnostic on well-understood planning
problems with discrete action spaces. We collect 500 teacher demonstrations from train as Tgemo
and evaluate on 134 tasks in eval-out-of-distribution.
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Figure 2: Combining in-context learning with cascades optimizes cost-accuracy tradeoffs. Our
IC + Cascade method breaks the Pareto frontier, performing better than the teacher on ALFWorld
and significantly above others at similar cost on both benchmarks.

We seek to reduce inference costs at scale, where | Tiest| >> |Tdemo|. This mirrors deployment scenarios
like batch processing where demonstration costs amortize over many instances. We only count
inference costs on test sets, not demonstration collection costs, approximating execution at scale.
Amortization analysis is in Appendix [C.3.4]

4.2 TEACHER-STUDENT SETUP

We use Claude Sonnet 4.5 as teacher and GPT-4.1-mini as student. On AppWorld,
GPT-4.1-mini serves as an LLM verifier for action equivalence. We validate generalization
with Llama-3.3-70B as student to confirm our approach is not API-specific.

Core algorithmic configurations:

* Teacher: Upper bound on accuracy; ceiling cost.

* Student (ZS): Zero-shot student; lower bound on cost, baseline accuracy.

* Student (IC): Student with retrieved teacher exemplars (tests dynamic in-context learning alone).
* Student (IC+Cascade): Full system (our primary method).

Alternative routing strategies:

* Random Mix: Query teacher for fixed fraction of steps (0.2, 0.4, 0.6, 0.8). Controls for whether
routing value comes from adaptive gating vs. simply mixing teacher capacity.

* Student (Cascade only): Self-consistency gating without exemplars, varying temperature (0.1, 0.5,
1.0). Isolates adaptive routing value without in-context improvement.

Ablations:

* Retrieval strategies: Compare retrieval approaches (number of examples k, retrieval keys, similar-
ity metrics).

* Demonstration set size: Vary |7gemo| to characterize how many demonstrations are needed.

* In-context mechanism analysis: Investigate relationship between retrieved example content and
student behavior replication.

4.3 METRICS

We measure task success rate as defined by each benchmark. For costs, we track all LLM calls:
(1) student queries, (ii) teacher queries (when cascading), and (iii) LLM verifier calls (AppWorld
only), recording input/output tokens and computing cost using current API pricing. We report costs
normalized by Teacher baseline; see Appendix |C|for details.



5 RESULTS

5.1 COMBINING DYNAMIC IN-CONTEXT LEARNING WITH CASCADES IMPROVES
COST-ACCURACY TRADEOFFS

Figure [2] demonstrates that dynamic in-context learning from teacher examples and self-consistency
cascades are complementary techniques that jointly optimize the cost-accuracy frontier.

Dynamic in-context learning (alone) bridges the teacher-student gap. Figure[2]shows that Student
(IC) establishes a new Pareto-optimal point between the zero-shot student and teacher baselines,
outperforming Student (Cascade only) configurations at equivalent cost levels. On ALFWorld,
Student (IC) achieves 0.87 accuracy—97% of teacher accuracy (0.89) at 43% of the cost ($0.026 vs.
$0.059), compared to 0.18 zero-shot. On AppWorld, dynamic in-context learning improves accuracy
from 0.28 to 0.55 while remaining at 15% of teacher cost ($0.089 vs. $0.589).

Combined system dominates alternatives. Our full algorithm, marked by the yellow stars on
Figure [2} establishes a new Pareto frontier on both benchmarks. On ALFWorld, we achieve 2.5x cost
reduction at iso-quality compared to the teacher baseline, reducing inference costs from $0.059 to
$0.024 per episode. At current API pricing, the upfront demonstration cost of $29.50 amortizes after
just 843 episodes, with cumulative savings exceeding $34,900 for batch processing scenarios with 1M
tasks (see Appendix [C.3.4]for full analysis). Notably, our combined system exceeds teacher accuracy
(96% vs. 89%), likely because retrieved examples provide the student with both demonstration of the
teacher’s reasoning and implicit information about environment dynamics across multiple trajectories.

On AppWorld, our system achieves 3.5 cost reduction while recovering 79% of teacher accuracy,
demonstrating effective cost-performance trade-offs on this more challenging benchmark. Alter-
natively, when compared to the Pareto frontier obtained by randomly routing between student and
teacher at different ratios, our system delivers a 0.28 boost in task success rate at iso-cost, while we
achieve 2x cost reduction at iso-quality.

Method GPT-4.1-mini Llama-3.3-70B
ALFWorld

Teacher 1.00/0.89 1.00/0.89
Student (ZS) 0.31/0.18 0.11/0.50
Student (IC) 0.43/0.87 0.14/0.87
Student (IC+Cascade) 0.41/0.96 0.21/0.93
AppWorld

Teacher 1.00/0.83 1.00/0.83
Student (ZS) 0.09/0.28 0.05/0.11
Student (IC) 0.15/0.55 0.10/0.32
Student (IC+Cascade) 0.29/0.66 0.19/0.44

Table 1: Across multiple LLMs and benchmarks, Student (IC+Cascade) optimizes cost-accuracy
tradeoffs. Overall comparison of teacher—student configurations on ALFWorld and AppWorld. For
both student LLMs, we use Sonnet 4.5 as the teacher. All numbers are formatted (Relative cost /
Accuracy). Cost is reported as fraction of teacher cost; Accuracy is episode success rate.

Student Student

Difficulty Teacher (IC+Casc.) (ZS) Tasks
1 0.96 0.91 0.51 57
2 0.85 0.70 0.29 48
3 0.71 0.43 0.06 63

Table 2: Student (IC+Cascade) is competitive with Teacher on easier AppWorld tasks, but
struggles on harder tasks. Task accuracy by difficulty level on AppWorld. Difficulty levels were
manually assigned by benchmark authors based on planning and reasoning complexity (Trivedi et al.,
2024).

Our findings generalize to open-weight LLMs To test generality, we evaluate both closed- and
open-weight models in structurally distinct domains. In Table [T} trends remain consistent across
sparse-reward embodied reasoning (ALFWorld) and multimodal app-use reasoning (AppWorld). On



ALFWorld, Llama-3.3-70B reproduces the in-context gain (0.87 vs. 0.50 zero-shot) and exhibits
comparable scaling under self-consistency deferral (boost to 0.93). On AppWorld, Llama-3.3-70B
is less effective than GPT-4.1-mini-but experiences similar benefits from in-context distillation and
self-consistency deferral. These results indicate that exemplar reuse and confidence-based deferral
generalize beyond proprietary APIs.

5.2 CONTEXTUALIZATION: COMPARING AGAINST MORE COMPLEX ALTERNATIVES

Support for agile development workflows discourages reliance of fine-tuning and specialized system
engineering. However to contextualize the cost-accuracy benefits of our approach we compare against
these more complex alternatives.

Our boosted GPT-4.1-mini offers better cost-accuracy tradeoffs than zero-shot GPT-4.1. In
Figure [2] Zero-shot GPT-4.1 (marked with a green pentagon) achieves 51% accuracy at 56% relative
cost on AppWorld—worse than our Student (IC) (55% at 15% cost) and far worse than Student
(IC + Cascade) (66% at 29% cost). In-context distillation paired with intelligent deferral dominates
fixed model selection. Similar trends hold for ALFWorld. Using a smaller LM (GPT-4.1-mini) with
in-context examples from a frontier LM (Sonnet 4.5) can strictly dominate the use of a medium-cost
LLM (GPT-4.1).

The accuracy of our simple approach is competitive with bespoke, state-of-the-art compound
agentic systems. Our full method (Student IC + Cascade) achieves 65.5% accuracy on App-
World—approaching IBM’s CuGA (Marreed et al.| [2025) (73.2% on the leaderboard), a specialized
compound system incorporating documentation retrieval, safety guardrails, multi-stage knowledge
augmentation, and leverages task-specific modules and complex orchestration infrastructure. Our
approach requires only teacher demonstrations, vector indexing, and self-consistency checking. In
Section[5.6] we show that if practitioners have access to task difficulty metadata, a simple difficulty-
aware routing variant of our method reaches 77.6% accuracy—surpassing CuGA.

Our approach is a training-free alternative to fine-tuning. On ALFWorld, fine-tuning
GPT-4.1-mini achieved 94% accuracy (matching our 96%). On AppWorld, we were unable
to successfully fine-tune within our development timeline: API services failed when training on our
teacher demonstrations, and open-weight models (L1ama—-3.3-70B) trained but produced 0% task
success despite converging on training loss. We see this outcome as evidence of the complexity of
fine-tuning models for complex multi-step agents. It requires careful objective design and extensive
debugging—challenges that are well-documented in prior work Barnett et al.[(2024). Our method
provides a practical alternative for practitioners who seek rapid deployment without this overhead.

5.3 RETRIEVING MORE IN-CONTEXT EXAMPLES CAN BOOST TASK ACCURACY IN EXCHANGE
FOR HIGHER COSTS

To guide practitioners in configuring in-context distillation systems, we vary the number of retrieved
teacher exemplars (k) and measure the resulting cost-accuracy tradeoff on ALFWorld and AppWorld

(Fig. ).

On ALFWorld, agent accuracy improves as more examples are added: accuracy rises from 0.75
at k=1 to 0.81 at k=2 (+7.8%), and continues climbing to 0.86 at k=4 (+13.8% from baseline).
Beyond this point, improvements plateau—k=6 through k=10 yield accuracies between 0.86-0.88,
representing only marginal gains (+2-3%) despite costs increasing from 0.43x to 0.612x teacher
cost. The cost-benefit analysis reveals diminishing returns: moving from k=1 to k=4 improves
accuracy by 10.4 percentage points while increasing relative cost by 0.12 (54% increase), whereas
moving from k=4 to k=10 adds only 1.5 percentage points at a cost increase of 0.26 (76% increase).
In this paper, we chose k = 6 on ALFWorld for our experiments.

AppWorld exhibits a similar but more modest pattern. Accuracy improves from 0.49 at k=1 to a peak
of 0.57 at k=5 (+7.6 percentage points), with costs rising from 0.09 x to 0.19x teacher cost. However,
the trend is less smooth—accuracy fluctuates between k=3 and k=7 (0.52-0.57), suggesting task-
specific sensitivity to example selection. Beyond k=5, additional examples provide no consistent
benefit while costs continue to scale linearly. In this paper, we chose £ = 3 on AppWorld for our
experiments.
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k=6 on ALFWorld and k=3 on AppWorld by
default.

5.4 SCALING TEACHER DATABASE SIZE MAKES IN-CONTEXT DISTILLATION MORE EFFECTIVE.

A key practical question is how many teacher demonstrations are needed to achieve strong student
accuracy. We vary the size of the teacher demonstration database and measure Student (IC) accuracy
without cascading (Fig. ).

In-context distillation exhibits strong data efficiency: on ALFWorld, just 100 teacher demonstrations
yield 0.836 accuracy (94% of teacher accuracy), while 500 demonstrations close the gap to 98%.
On AppWorld, 147 demonstrations (the full available training set) achieve 0.548 accuracy (67%
of teacher accuracy). Notably, even minimal databases (20 demonstrations on ALFWorld, 5 on
AppWorld) substantially outperform zero-shot students (0.18 and 0.28 respectively), confirming that
retrieval-based learning transfers effectively even from small exemplar sets.

Interestingly, larger databases also reduce cost (AppWorld: 20% of teacher costs at size 5 to 15% at
size 147, ALFWorld: 58% of teacher costs at size 20 to 43% at size 500). This occurs because better
retrieval quality enables the agent to solve more tasks/take fewer steps to solve tasks, which in turn
reduces total ReAct token usage. Our results suggest scaling teacher DB size may further close the
accuracy gap, though we leave this to future work on AppWorld where dataset constraints currently
limit exploration.

5.5 STUDENT FAILURES ARE CORRELATED WITH COVERAGE GAPS IN RETRIEVED EXAMPLES

We investigate the relationship between in-context examples and student behavior in our Student+IC
setup (without Cascade) for AppWorld, hypothesizing that student failures occur primarily when
retrieved examples fail to demonstrate needed behavior—coverage gaps. We analyzed 53 tasks where
the student (3-shot, no cascade) failed but the teacher succeeded. Using an LLM judge (Gemini-3.0-
Flash), we found attribution in 48/53 cases (90.6%), with 33 cases (68.8%) specifically attributed to
coverage gaps: retrieved examples did not demonstrate necessary API usage, disambiguation strategy,
error handling, or other pivotal behavior. Remaining errors follow a long tail: contradictory examples
(8.3%), behavior shown but not applied (2.1%), etc. Student performance is primarily governed by
demonstration coverage—when retrieved examples lack necessary operations, students fail. This
suggests demonstration collection should prioritize diversity of operations to ensure coverage. While
LLM-based attribution is imperfect, we nevertheless believe this provides valuable insight. Future
work could iteratively add demonstrations to fill identified coverage gaps. Prompts and qualitative
examples are in Appendix



5.6 DIFFICULTY-AWARE DEFERRAL: LEVERAGING DOMAIN KNOWLEDGE

While self-consistency provides an effective automatic deferral signal, practitioners with domain
knowledge about task difficulty can use it to inform routing decisions. We explore this using
AppWorld’s difficulty labels, where tasks are manually classified into three tiers based on planning
complexity and API interaction requirements.

Table 2] shows that Student (IC + Cascade) accuracy degrades with difficulty but maintains substantial
gains over Student (ZS) across all levels: 91% vs 51% on difficulty-1 (40pp gap), 70% vs 29% on
difficulty-2 (41pp gap), and 43% vs 6% on difficulty-3 (37pp gap). This demonstrates the value of
in-context learning across the difficulty spectrum, though the gap to Teacher widens on harder tasks
(95% — 82% — 61% recovery).

Practitioners with difficulty metadata can achieve different cost-accuracy tradeoffs. Using Student
(IC + Cascade) for difficulty-1 and difficulty-2 while routing all difficulty-3 tasks to Teacher achieves
0.78 accuracy at 71% of teacher cost—recovering 94% of teacher accuracy with 29% cost reduction.
This represents a different operating point: compared to our automatic cascade (0.66 accuracy at
29% cost), difficulty-based routing trades 2.4 x higher cost for 12 percentage points of accuracy.
When task difficulty signals are available and maximizing accuracy is critical, combining in-context
distillation with domain-specific routing can shift the cost-accuracy tradeoff, though it sacrifices the
deployment simplicity of purely automatic approaches.

6 RELATED WORK

Knowledge distillation. Distillation trains a low-cost “student” to mimic a high-cost “teacher” |Bu{
cilua et al.| (2006)); Hinton et al.| (2015)), optimizing student weights via gradient descent on teacher-
labeled data. Recent trajectory-level distillation methods train smaller agents to imitate expert
behavior (Zeng et al., 2023} |Chen et al.,[2023a)). We also leverage teacher trajectories but perform
distillation non-parametrically: trajectories serve as dynamically-retrieved in-context exemplars
rather than supervised training targets. This eliminates fine-tuning costs and enables immediate
deployment—the same frozen student applies to new tasks by adding demonstrations to the retrieval
database.

Dynamic in-context learning and retrieval. Modern LLMs adapt dramatically based on in-context
demonstrations (Yin et al., [2024; |Agarwal et al.| [2024)). Prior retrieval-based approaches improve
performance by dynamically selecting relevant examples [Liu et al.| (2021)); |Su et al.| (2022); |Qin et al.
(2024), but focus on single-query tasks. Recent work extends this to multi-step agent execution,
using self-generated experience to improve agent capability over time (Shinn et al., 2023} [Zhao
et al., 2024; Sarukkai et al., 2025)). We build on these approaches—particularly per-step retrieval
mechanisms [Sarukkai et al.| (2025); [Zhou et al.| (2024)—but apply them to cost reduction rather
than capability improvement: we retrieve teacher-generated demonstrations at each step to guide a
cheaper student model, enabling knowledge transfer without weight updates. Our contribution is
operationalizing this for cost-efficient agentic workflows and characterizing how retrieval quality and
demonstration coverage affect cost-accuracy tradeoffs.

Cascades and adaptive routing. Cascades improve cost-accuracy tradeoffs by routing easier
instances to cheaper models and harder ones to expensive models Viola & Jones|(2001); |Wang et al.
(2022a); Mamou et al.[(2022); |Chen et al. (2023b)). Prior work uses learned routers |L1 et al.| (2021));
Gupta et al.|(2024); Chen et al.| (2023b)); Ong et al.| (2025) or model-intrinsic confidence scores Chow.
(1970); Jitkrittum et al.| (2023)); |Gupta et al.| (2024)), requiring training or model access. We adopt
self-consistency-based routing |Yue et al.|(2024); Wang et al.|(2022b): sampling the student multiple
times, where agreement signals confidence and disagreement triggers teacher deferral. This requires
no learned components. Self-consistency has been used in single-model settings (Manakul et al.,
2023; [Wang et al., 2024); we apply it as a cascade routing signal. In our system, self-consistency
evaluates the combined effectiveness of retrieval and in-context learning: relevant demonstrations
yield convergent samples, while poor retrieval causes divergence.
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A PER-STEP RETRIEVAL REDUCES COST WITHOUT SACRIFICING ACCURACY

A natural question is whether retrieving fresh examples at each step is necessary, or whether retrieving
once at the start of the trajectory suffices. We compare our default per-step retrieval—which
dynamically retrieves the top-k most relevant trajectory windows at each decision point—against a
single retrieval baseline that retrieves k full trajectories once at the beginning and includes them in
context for the entire episode.

Table [3|shows that per-step retrieval achieves equivalent accuracy while substantially reducing cost.
On ALFWorld, both approaches achieve 87% accuracy, but single retrieval incurs 54% of teacher
cost versus 43% for per-step retrieval—a 26% cost increase for no performance gain. On AppWorld,
the pattern holds: accuracy remains essentially identical (55% vs. 54%), while the single-retrieval
setup costs 60% more (24% vs. 15% of teacher cost).

Table 3: Comparison of retrieval granularity strategies. Per-step retrieval matches single-retrieval
accuracy while reducing cost by dynamically selecting relevant windows rather than including full
trajectories in context.

Method Benchmark Accuracy Rel. Cost
Per-step retrieval ~ ALFWorld 0.87 0.43
Single retrieval ALFWorld 0.87 0.54
Per-step retrieval ~ AppWorld 0.55 0.15
Single retrieval AppWorld 0.54 0.24

The cost difference arises because single retrieval includes entire teacher trajectories (often 10-20
steps) in the student’s context throughout execution, while per-step retrieval selects only the most
relevant 3-5 step windows at each decision point. Since LLM API costs scale with input tokens, the
longer context in single retrieval directly translates to higher costs.

Interestingly, the lack of accuracy difference suggests that retrieval relevance matters more than
context volume. Including full trajectories does not help the student generalize better—it simply
pays for irrelevant context. This validates our design choice to dynamically retrieve short, highly
relevant windows rather than relying on static, comprehensive examples.

13


https://arxiv.org/abs/2203.11171
https://openreview.net/forum?id=6okaSfANzh
https://openreview.net/forum?id=6okaSfANzh

B PROMPTS

We use identical prompt formats across both the ALFWorld and AppWorld benchmarks for all agent
operations. The templates are deliberately minimal to avoid prompt engineering overhead: they
specify the task structure and insert retrieved examples in the appropriate format (goals with plans
for planning prompts, state-action-reasoning triples for execution prompts), but require no per-task
customization.

Plan:

1 system_prompt: f’You are an expert at generating high-level plans of
actions to achieve a goal.\n Here is your action space: {
action_space}.\n Here are some examples of goal,plan from
episodes that successfully achieved similar goals: {examples}’
2 user_prompt: f’goal: {goal}\n plan: '/

ReAct:

1 system_prompt: f"You are a ReAct agent that is an expert at
reasoning and taking actions to accomplish a goal. \n Goal: ’{
self.goal}’. \n You will receive observations and respond with =x
exactlyx one reasoning and one action per observation. \n Write
them on their own lines, with these exact labels and a colon: \n
reasoning: <your step-by-step reasoning, concise, may be multi-
line> \n action: <a single, directly executable command or final
answer> \n Use the labels exactly as written: ’reasoning:’ and '/
action:’ (no variations). \n Here is your action space: {
action_space}.\n Here are some examples of goal, plan,
observation, reasoning, action from episodes that successfully
achieved similar goals: {examples}"

2 user_prompt: f’goal: {goal}\n plan: {plan}\n trajectory: {trajectory
}\n action: ’

Verifier:

1 system_prompt: f"You are an expert LLM judge that determines if a
set of actions that could be taken by an LLM agent are all
effectively equivalent. First, you will be provided the current
state of the agent: the trajectory so far. You will receive a set
of actions and respond with ’YES’ if they are all equivalent and
"NO’ if at least one is different. YOU MUST OUTPUT NOTHING ELSE.
\n Here is your action space: {action_space}.\n Here are some
examples of goal, plan, observation, reasoning, action from
episodes that successfully achieved similar goals: {examples}"
2 user_prompt: f’goal: {goal}\n plan: {plan}\n trajectory: {trajectory
}\n Set of actions: {set (individual_actions)}, effectively
equivalent? '/

C IMPLEMENTATION DETAILS AND COST MODEL

C.1 MODEL CONFIGURATION

Closed-weight models are queried via OpenAl/Anthropic APIs, with max 4096 output tokens for
actions. All models are run with temperature=0.1 unless otherwise noted. For our per-step
retrieval mechanism (Section [3), we use MiniLM-L6-v2 (Wang et al 2020) as the embedding
model. All models use identical system prompts and task descriptions; only in-context exemplars

vary. Full prompts in Appendix [B]
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C.2 TOKEN USAGE AND COST CALCULATION DETAILS

This appendix provides detailed token usage statistics and cost calculations for all methods evaluated
in our experiments. All costs are computed by tracking every LLM call made during episode
execution, including student queries, teacher queries (when cascading or randomly routing), and
LLM verifier calls for semantic agreement checking (AppWorld only). While optimized KV caching
of in-context examples has the potential to reduce costs further, we omit caching from our cost model
and leave caching-aware costs as future work. We do not attribute any cost to the process of vector
database lookup to retrieve examples.

C.3 CosT CALCULATION METHODOLOGY

For each episode, we record input and output token counts for all model invocations and compute
total cost using API pricing as of October 2025:

* GPT-4.1-mini: $0.40 per 1M input tokens, $1.60 per 1M output tokens
* GPT-4.1: $2.00 per 1M input tokens, $8.00 per 1M output tokens
* Claude Sonnet 4.5: $3.00 per 1M input tokens, $15.00 per 1M output tokens

* Llama-3.3-70B (via NovitaAl, similar costs available on other providers): $0.13 per 1M input
tokens, $0.39 per 1M output tokens

For each configuration, total episode cost is:

1 S S S S
COStepisode = W (ci(n) : Tn(1 ) + C((>u2 : To(ut)

m

)T+ 7))

where Tlfjo)m and TISBM denote total input/output tokens for student and teacher models respectively,

and c denotes the corresponding per-token prices.

Normalized cost is computed relative to the teacher baseline:

COStepisode

Costyormalized = .
COStteacher

With Claude Sonnet 4.5 token pricing, the teacher baseline costs $0.059 (USD) per episode on
ALFWorld, and $0.589 (USD) per episode on AppWorld.

C.3.1 ALFWORLD TOKEN USAGE

Table [ reports average token usage and costs across 134 test episodes for all methods on ALFWorld.
“Blend” denotes the random routing baseline at various fractions of teacher LLM calls (ex. Blend
(0.2) is 20% teacher LLM usage, 80% student LLM usage).

C.3.2 APPWORLD TOKEN USAGE

Table [5| reports average token usage and costs across 168 test episodes for all methods on AppWorld.
“Blend” denotes the random routing baseline at various fractions of teacher LLM calls (ex. Blend
(0.2) is 20% teacher LLM usage, 80% student LLM usage).

C.3.3 KEY OBSERVATIONS

Token efficiency of dynamic in-context learning. Comparing Student (ZS) to Student (IC), we
observe that adding retrieved exemplars reduces trajectory length (ALFWorld: 27.0 — 12.1 steps;
AppWorld: 19.3 — 12.1 steps) despite increasing input tokens per step. This occurs because better-
guided students solve tasks more directly, avoiding exploratory dead ends. The net effect is higher
input token cost per step but fewer steps overall, yielding favorable cost-performance tradeoffs.
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Table 4: Detailed token usage and cost breakdown for ALFWorld. All values are averages per episode.

Method Student Student Teacher Teacher Steps Teacher A Cost
etho Input Output Input Output  per Task Frac ¢ (norm.)
Teacher — — 16257 684 12 —  0.89 1.0
Student (ZS) 41457 1130 — — 27 0.00 0.18 0.31
Student (IC) 61966 527 — — 12 0.00 0.87 0.43
Student (IC + Cascade) 50648 1283 597 26 9.9 0.039 0.96 0.42
Student (Cascade only) 26669 2194 2910 125 19 0.10 0.63 0.42
Blend (0.2) 22561 683 6496 234 20 —  0.64 0.56
Blend (0.4) 13183 436 9657 365 16 —  0.79 0.68
Blend (0.6) 7813 276 12670 482 14 — 0.80 0.83
Blend (0.8) 3106 149 16316 616 13 — 087 1.0
GPT-4.1 (ZS) 25400 720 — — — 0.00 0.75 0.96
Llama-3.3-70B (ZS) 44655 2275 — — — 0.00 0.50 0.11
Llama-3.3-70B (IC) 61727 951 — — — 0.00 0.87 0.14
Llama-3.3-70B (IC + Cascade) 55706 2385 1113 50 — 0.06 0.93 0.21
Table 5: Detailed token usage and cost breakdown for AppWorld. All values are averages per episode.
Method Student Student Teacher Teacher Steps Teacher A Cost
etho Input Output Input Output  per Task Frac cc (norm.)
Teacher — — 185460 2183 20 — 082 1.0
Student (ZS) 118430 2317 — — 19 0.00 0.28 0.087
Student (IC) 216563 1623 — — 12 0.00 0.55 0.15
Student (IC + Cascade) 251683 4829 18385 329 12 0.22 0.66 0.29
Student (Cascade only) 184487 7009 28445 440 18 0.21 041 0.30
Blend (0.2) 96831 1809 27597 398 18 — 033 0.22
Blend (0.4) 85588 1520 61349 778 19 — 047 0.39
Blend (0.6) 57568 1018 74379 1066 18 —  0.58 0.45
Blend (0.8) 23362 376 113894 1527 17 —  0.69 0.64
GPT-4.1 (ZS) 155035 2603 — — — 0.00 0.51 0.56
Llama-3.3-70B (ZS) 198953 4893 — — — 0.00 0.11 0.047
Llama-3.3-70B (IC) 445542 3438 — — — 0.00 0.32 0.10
Llama-3.3-70B (IC + Cascade) 324814 6616 20749 419 — 0.13 044 0.19

Cascade overhead. Self-consistency cascades add sampling overhead (multiple student queries
per step) but trigger teacher queries on only a small fraction of steps (ALFWorld: 3.9%; AppWorld:
22.2%). Since student queries cost 10-100x less than teacher queries, the net cost increase from
cascading is modest (ALFWorld: 0.434 — 0.415 normalized cost; AppWorld: 0.151 — 0.286).

Teacher fraction vs. cost. Comparing Blend configurations shows that cost scales approximately
linearly with teacher fraction, but random routing provides much worse accuracy than adaptive
cascades at equivalent teacher usage (e.g., AppWorld Blend 0.2 vs. IC + Cascade: similar teacher
fraction but 0.221 vs. 0.286 normalized cost due to different student base capability).

C.3.4 AMORTIZATION ANALYSIS: WHEN DO INFERENCE SAVINGS OFFSET DEMONSTRATION
CosTs?

A practical concern for deployment is whether the upfront cost of collecting teacher demonstrations

is justified by inference-time savings. We analyze the breakeven point where cumulative inference
cost reductions exceed the one-time cost of constructing the teacher database D.

Setup. Let Cygmo denote the total cost of collecting teacher demonstrations on Gy, computed as:

episode
Clemo = ‘glrain| ' Cteicher ’
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teacher

where CP°% is the average per-episode cost of running the teacher model (reported in Tables
and[5).

At deployment, let Chygeline denote the per-episode cost of the baseline approach (e.g., always using
the teacher), and Cy,s denote the per-episode cost of our Student (IC + Cascade) method. After
processing N test episodes, the total cost including demonstration collection is:

TOtalbaseline =N- Cbaseline>
TOtalours = C'demo +N- C'ours-

The breakeven point N* occurs when Total s = Totalpaseline:

N* = C'clemo
Obaseline - Cours

ALFWorld breakeven analysis. Using costs from Table

 Teacher demonstration cost: Cyemo = 500 x $0.059 = $29.50
* Baseline (Teacher) per episode: Chpaseline = $0.059
* Student (IC + Cascade) per episode: Coyrs = $0.024

* Per-episode savings: AC = $0.059 — $0.024 = $0.035
Breakeven point:

_ $29.50

= $0.035 ~ 843 episodes.

After processing 843 test episodes, cumulative savings offset the upfront demonstration cost. For a
batch processing scenarios with 1,000,000 tasks, over $34,900 is saved.

AppWorld breakeven analysis. Using costs from Table

 Teacher demonstration cost: Cyemo = 147 x $0.59 = $86.73
* Baseline (Teacher) per episode: Chaseline = $0.59

* Student (IC + Cascade) per episode: Coyrs = $0.17

* Per-episode savings: AC' = $0.59 — $0.17 = $0.42

Breakeven point:
_$86.73
%042

*

~ 207 episodes.

After processing just 207 test episodes, the method becomes cost-effective. For deployment on
1,000,000 tasks, over $419,000 is saved.

C.4 RETRIEVAL COSTS
We do not attribute any cost to the process of vector database lookup to retrieve examples. Since our

databases include only a few hundred demonstrations, it is feasible to make these costs negligible in
practice using standard vector search infrastructure.

D BENCHMARK DETAILS

D.1 REAL-WORLD MOTIVATION

One of the most common use of agents in real-world industry practice involves automating rote
workflows such as common business processes, processing customer service tickets, and implementing
data processing pipelines. These tasks benefit from rapid prototyping and deployment without
extensive model training.
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D.2 APPWORLD

AppWorld tasks mirror realistic daily business workflows. Tasks are evaluated via automated unit
tests checking both state changes and execution traces, ensuring that agents not only achieve the
correct final state but also follow reasonable execution patterns.

D.3 ALFWORLD

ALFWorld is a standard benchmark in several prior works on agentic self-improvement (Zhao et al.,
2024; |Fu et al., [2024; |(Chen et al., 2024} [Sarukkai et al., 2025)). The availability of a large train set (up
to 3500 tasks) enables us to test how our method scales with varying demonstration set sizes.

D.4 SCALE AND AMORTIZATION

Few academic benchmarks (including AppWorld and ALFWorld) exhibit the scale where |Tes | >
| Taemo| by orders of magnitude. In practice, deployment scenarios like large-scale batch processing or
production agent services would process many more test instances, making demonstration collection
costs increasingly negligible. Our experimental setup approximates this by excluding demonstration
costs from reported metrics.

E MECHANISTIC ROLE OF IN-CONTEXT EXAMPLES IN STUDENT BEHAVIOR

On AppWorld, to understand why the student model with in-context examples (3ic) failed on tasks
where the teacher model succeeded, we performed a two-stage analysis. First, we identified the
“difference maker” step—the point where, faced with similar states, the teacher took a fundamentally
different action that led to success while the student’s approach led to failure. Second, we attributed
the student’s behavior at this pivotal step to the content of the in-context examples provided, examining
whether the examples demonstrated the necessary behavior, provided conflicting guidance, or failed to
teach critical patterns. Both analyses used the Gemini-3.0-Flash. The main results of the analysis are
included in the main paper—we include both an anecdotal example and the prompts used to conduct
the analysis below.

E.1 ANECDOTAL EXAMPLE OF INSUFFICIENT COVERAGE IN RETRIEVED IN-CONTEXT
EXAMPLES

Task: AppWorld task 6 (test set) requires removing a set of songs from a Spotify queue.

Teacher behavior: The teacher model successfully completes the task by deleting songs back-to-front
from the queue, using a specific deletion strategy that maintains queue indices correctly.

Student behavior (3-shot): The student with in-context examples fails to remove the songs success-
fully.

Retrieved in-context examples: The system retrieved three teacher demonstrations (training exam-
ples 47, 55, 58). Example 55 demonstrates how to retrieve the song queue, but critically, none of the
three demonstrations show an effective strategy to delete songs from the queue. Without an example
demonstrating the deletion operation, the student lacks the necessary guidance to execute this pivotal
step, leading to task failure.

Analysis: This example illustrates a clear coverage gap—the operation needed (queue deletion) was
not demonstrated in any of the retrieved examples. The student had examples of related operations
(queue retrieval) but lacked coverage of the specific operation required for success.

E.2 PROMPT FOR IDENTIFYING DIVERGENT STEP BETWEEN STUDENT AND TEACHER

This prompt identifies the “difference maker” step where the teacher succeeded but the student failed.

1 f"""You are analyzing two trajectories for the same task. One
trajectory is
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from a student model (student) which FAILED, and one is from a
teacher
model (teacher) which SUCCEEDED.

Your task is to identify the "difference maker" step - the point
where,

faced with the same or similar state/situation, the teacher took a

fundamentally different action or strategy that led to success,
while

the student’s approach led to failure.

IMPORTANT CONSIDERATIONS:
1. The step numbers in each trajectory may be DIFFERENT (e.g., step
5
in student vs step 8 in teacher)
2. Look for points where both trajectories were in similar states
(similar observations, similar context)
3. Identify where one trajectory made a strategic choice that the
other didn’t
4. This may NOT be the first difference - trajectories might
converge
and diverge multiple times
5. Focus on the decision that represents the most significant
strategic
difference

Consider a "difference maker" if:
— The teacher used a different API or approach that solved a
critical
problem the student missed
— The teacher recognized a prerequisite or dependency the student
overlooked
— The teacher handled an error or edge case that caused the student
to fail
— The teacher took a more direct or correct path to the solution
— The teacher demonstrated better understanding of the problem
domain
or API requirements

Do NOT consider it a "difference maker" if:

- It’s Jjust a minor variation in code syntax

— It’s the same strategy with different variable names

— The trajectories were already on different paths due to earlier
differences

Here are the steps from both trajectories:

STUDENT TRAJECTORY (3ic) :
[Steps with reasoning, action, and observation for each step]

TEACHER TRAJECTORY (zeroic):
[Steps with reasoning, action, and observation for each step]

Please respond with ONLY a JSON object in this exact format:

"student_step": <step_number_in_student_trajectory>,
"teacher_step": <step_number_in_teacher_trajectory>,

"student_action": "<the action taken in student at that step>",
"teacher_action": "<the action taken in teacher at that step>",
"similar_state_description": "<description of the similar state/

situation both trajectories were in>",

"explanation": "<detailed explanation of why the teacher’s approach

succeeded where the student’s failed>",
"why_teacher_succeeded": "<explanation of what the teacher did
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58 correctly that the student missed>",

59 "key_lesson": "<the key lesson or insight that the student should
60 learn from the teacher’s approach>"

61 1}

62

63 If you cannot find a clear difference maker, respond with:
64 |

65 "student_step": null,

66 "teacher_step": null,

67 "explanation": "<explanation of why no clear difference maker was
68 found>"

69 } nuwn

E.3 PROMPT FOR CHECKING RELATIONSHIP BETWEEN STUDENT ACTION AND IN-CONTEXT
EXAMPLES

This prompt analyzes whether pivotal student behavior should be attributed to in-context examples.

1 f"""You are analyzing how in-context examples influenced a model’s
2 behavior at a pivotal step.

3

4 The student model WITH in-context examples (3ic) failed, while the
5 teacher model succeeded.

6

7 PREVIOUS ANALYSIS RESULT:

8 [The JSON output from the difference maker step analysis]

9

10 PIVOTAL STEP INFORMATION:

11 - Step number in student trajectory: {pivotal_step}

12 - Student file: {student_file}

13

14 What content from the in-context examples may have led the 3ic model
15 to take the failing action, or what did the examples fail to teach
16 that the teacher model knew?

18 IN-CONTEXT EXAMPLES PROVIDED AT THIS STEP:

19 The following examples were provided to the student model at step
20 {pivotal_step}:

21 [Example content snippets]

23 Please analyze:
24 1. Is there content in these examples that directly shows or

suggests
25 the successful/failing action?
26 2. Are there patterns, strategies, or API usage patterns in the
27 examples that may have influenced the behavior?
28 3. For the failing case: Did the examples teach something incorrect,
29 or fail to teach something important?
30 4. For the succeeding case: What specific content from the examples
31 led to the correct approach?

33 Please respond with ONLY a JSON object in this exact format:
34 {

35 "attribution_found": <true_or_false>,

36 "example_ids_involved": [<list_of_example_ids_that_may_have_

37 influenced>],

38 "specific_content": "<specific text or patterns from examples that
39 may have influenced the behavior>",

40 "how_it_influenced": "<explanation of how the example content

41 influenced the behavior>",

42 "confidence": "<high/medium/low - confidence in this attribution>",
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43 "alternative_explanation": "<if attribution is low confidence, what

44 else might explain the behavior?>"

45 }

46

47 If no clear attribution can be made, set "attribution_found" to
false

48 and explain why."""

F TEACHER PERFORMANCE WITH IN-CONTEXT EXAMPLES

In Section [5.1] we report that our Student (IC + Cascade) method achieves 94% accuracy on
ALFWorld, exceeding the baseline Teacher accuracy of 89%. A natural question is whether this
performance gain comes from the cascade mechanism selecting high-quality teacher responses, or
from the boost provided by in-context examples themselves.

To contextualize this result, we ran an additional experiment: Teacher + IC, where the teacher model
(Claude Sonnet 4.5) is provided with the same retrieved in-context examples at each step as
the student receives. This configuration achieves 94% accuracy, matching Student (IC + Cascade).

This result confirms that the performance gain is attributable to in-context learning: when relevant
teacher demonstrations are provided as examples, both teacher and student models benefit. The
Student (IC + Cascade) configuration matches teacher performance by combining two mechanisms:
(1) boosting the student with in-context examples when they provide consistent guidance, and (2)
cascading to the (boosted) teacher when student samples diverge. The fact that both Teacher + IC
and Student (IC + Cascade) reach 94% suggests that in-context learning lifts the performance ceiling
on this benchmark, even for a teacher learning from its own examples, and our cascade mechanism
successfully navigates between the boosted student and teacher to achieve this ceiling cost-efficiently.
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