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Abstract

Large language models (LLMs) are increas-
ingly deployed as customer-facing agents, yet
evaluating their reliability remains challeng-
ing due to stochastic, multi-turn interactions.
Current evaluation protocols rely on linear
Monte Carlo rollouts of complete agent–user
conversations to estimate success. However,
this approach is computationally inefficient,
requiring re-processing identical conversation
prefixes, and often fails to expose deep fail-
ure modes hidden behind rare user behav-
iors. In this work, we introduce DIVERT
(Diversity-Induced EValuation via branching
of Trajectories), an efficient, snapshot-based,
coverage-guided user simulation framework for
systematic exploration of diverse agent–user
interactions. DIVERT snapshots the full
agent–environment state at critical junctions
and resumes execution from these points. By
reusing shared conversation prefixes, it avoids
regenerating identical early turns, reducing to-
ken cost. From each junction, it branches with
targeted, diversity-inducing user responses, en-
abling directed exploration of alternative user
responses. As a result, the evaluation is steered
toward unexplored semantic paths and rare in-
teraction states efficiently. Empirical experi-
ments show that our framework both improves
failure discovery efficiency compared to stan-
dard linear rollout protocols.

1 Introduction

Large language models (LLMs) are increasingly de-
ployed as customer-facing agents that interact with
users over multiple turns while invoking external
tools and APIs (Luo et al., 2025). Evaluating such
agents is fundamentally different from single-turn
LLM evaluation: behavior emerges from long inter-
action histories, stochastic decisions, compounding
errors, and high evaluation cost (Yehudai et al.,
2025; Bandel et al., 2026). As a result, agent be-
havior is probabilistic: both the agent’s decisions

and the user’s responses may vary across runs, even
under identical initial conditions (Ma et al., 2026).

Consequently, meaningful evaluation requires
multiple executions of the conversation between
the agent under test and a user simulator. Repeated
runs serve two distinct purposes. First, they ex-
pose user-side diversity: different user behaviors or
responses can lead the agent down qualitatively dif-
ferent conversation paths, revealing how robustly
the agent handles variation in interaction. Second,
they test agent-side consistency: an agent that suc-
ceeds only intermittently on the same task is fun-
damentally unreliable in deployment. To capture
these effects, recent benchmarks such as τ -bench
(Yao et al., 2024) adopt interactive evaluation pro-
tocols that execute full conversations and report
aggregate success metrics over multiple trials.

However, the dominant evaluation paradigm re-
mains linear Monte Carlo rollout from the initial
state, i.e., repeatedly sampling independent stochas-
tic trajectories from identical initial conditions to
estimate success (Liu et al., 2023; Zhou et al.,
2023b). This approach is not always optimal in
practice. First, repeated rollouts are wasteful: they
regenerate nearly identical early prefixes, such as
routine logins or basic diagnostic questions, incur-
ring unnecessary token cost (Kapoor et al., 2024).
Second, because these prefixes are only semanti-
cally similar rather than token-identical, they limit
KV-cache reuse (Kwon et al., 2023). Appendix E.1
quantifies exact shared-prefix overlap as a proxy
for this structural opportunity. Third, it provides
limited coverage: standard user simulators favor
high-probability, cooperative behaviors, making it
unlikely to expose failures that arise only after rare
user responses (Nakash et al., 2025a). As agents
scale to longer horizons and more realistic service
domains, these inefficiencies become a bottleneck.

A key observation motivates our work: while
current evaluations are linear, agent trajectories
are inherently tree-structured. Many conversations
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Figure 1: Standard Rollout Evaluation vs. DIVERT. Left: Conventional evaluation repeatedly rolls out full
conversations from the beginning, often producing low-impact interactions and failing to explore deeper failure
modes. Right: Our snapshot-based evaluation framework stores intermediate conversation states and branches at
critical junctions with directed, diverse user responses, enabling more efficient exploration and improved discovery
of failures (a full example is provided in Appendix A).

share long prefixes and diverge only at a small
number of critical interaction points. Restarting
evaluation from the root discards this structure, pre-
venting systematic exploration once a fragile or
promising state is reached.

We propose a snapshot-based, coverage-directed
user simulation framework that explicitly exploits
this tree structure. Instead of repeatedly restart-
ing from the initial state, we snapshot the full
agent–environment state at critical junctions and
branch evaluation from these points. A targeted
divergence mechanism generates semantically dis-
tinct but intent-consistent user responses, steer-
ing the agent toward unexplored continuations
and deep failure modes. Our results demonstrate
that coverage-guided, snapshot-based evaluation
is a more cost-effective and informative alterna-
tive to conventional linear rollouts for evaluating
customer-facing LLM agents.

2 Related Work

Agent Evaluation Benchmarks. General agent
benchmarks such as AgentBench (Liu et al., 2023),
GAIA2 (Mialon et al., 2023), and WebArena (Zhou
et al., 2023b) assess agents’ reasoning, tool use,

and web interaction across diverse tasks and en-
vironments. For customer-facing settings with ex-
plicit policy-adherence requirements, τ -bench (Yao
et al., 2024) and τ2-bench (Barres et al., 2025)
model realistic service domains (e.g., airline, re-
tail, telecom), incorporating tools, policies, and
LLM-based user simulators.

User Simulation. The robustness of agent evalu-
ation relies heavily on the User Simulator. While
early simulators relied on rigid agenda-based rules
(Sekulić et al., 2024), recent advancements utilize
LLMs to generate diverse interactions. A key limi-
tation of standard LLM-based simulators is "benev-
olence bias", i.e., their tendency to be overly coop-
erative and thus unrepresentative of realistic user
behavior. Recent work (Kour et al., 2025; Shim
et al., 2025; Nakash et al., 2025a) addresses this
by introducing "Non-Collaborative User Simula-
tors" that model adversarial behaviors such as ma-
licious intent, emotional manipulation, and insis-
tence. Complementary work studies adversarial
perturbations at the agent or tool level, such as
prompt injection (Debenedetti et al., 2024; Nakash
et al., 2025b), but does not explicitly target system-
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Algorithm 1 DIVERT Pipeline
Require: Task set T , agent model Magent, user model Muser,

#rollouts per task R, #branches per task B, #candidate
generations K

1: D = ∅
2: for T ∈ T :
3: D ∪ = Rollout(T,Muser,Magent, R)
4: for s = 1 . . . B :
5: τ ∼ D
6: j = JunctionChooser(τ)

▷ Directed generation of alternative user responses
7: for k = 1 . . .K :
8: uk = DirectedUserGen(τ, j)
9: dk = 1− Sim(uk, uj)

10: k⋆ = argmaxk dk
11: u⋆ = uk⋆

▷ Resume simulation from junction j
12: τ ′ = Resume(τ, j, u⋆)
13: D ∪ = {τ ′}

atic, coverage-oriented variation during evaluation.
DIVERT is orthogonal to this choice of user strat-
egy: rather than proposing a specific cooperative
or adversarial simulator, it provides a branching
evaluation structure that can incorporate benign,
adversarial, or red-teaming user policies.

Evaluation Efficiency. A current limitation of
these benchmarks is that they rely almost exclu-
sively on restart-from-root Monte Carlo rollouts
to estimate capability and reliability (Barres et al.,
2025; Hariri et al., 2025). This leads to substan-
tial redundancy in early conversation prefixes, poor
coverage of deep interaction failures, and signifi-
cant computational and economic inefficiency. Re-
cent “Cost-of-Pass” analyses (Erol et al., 2025;
Mialon et al., 2023; Wang et al., 2025) show
that achieving reliable statistics often requires pro-
hibitive token budgets due to repeated regeneration
of identical prefixes.

While tree-based methods such as Monte Carlo
Tree Search (MCTS) are emerging in agent train-
ing, planning, and reasoning (Zhou et al., 2023a;
Yao et al., 2023; Tang et al., 2026), current evalu-
ation frameworks lack a corresponding branching
mechanism and rely on linear restart sampling.

3 Method

We present an efficient, coverage-guided evalua-
tion pipeline for interactive agents. Our method re-
places repeated rollouts from the root with branch-
ing from critical mid-trajectory states, enabling
efficient and diverse exploration of agent behavior.

3.1 Overview of the DIVERT Pipeline

DIVERT evaluates interactive agents by resuming
execution from intermediate states rather than re-
peatedly restarting from the initial state. We se-
lect an existing trajectory, then we identify critical
"junction points" - interaction states where alter-
native behaviors are likely to emerge. At each
junction, we use a pre-saved snapshot of the com-
plete execution state, including the agent context,
environment state, and conversation history. The
simulation then proceeds by restoring these snap-
shots and continuing execution from them. Each
continuation introduces controlled user divergence,
allowing us to explore plausible alternative interac-
tion paths branching from the same prefix. This pro-
cess enables systematic coverage of under-explored
behaviors while avoiding the cost of full linear roll-
outs from the beginning of the trajectory. Branch-
ing is applied iteratively across multiple evalua-
tion rounds: after each resumed execution, the
resulting trajectories become eligible for further
resumption, subject to a configurable iteration bud-
get. This process progressively expands evalua-
tion coverage toward under-explored regions of the
interaction space. The pipeline consists of four
stages: (i) initial rollout and state caching (snap-
shot), (ii) junction selection, (iii) diversity-guided
user response generation, and (iv) snapshot-based
resumption and execution. The number of resumed
executions spawned from each trajectory (number
of branches) is treated as a hyperparameter.

3.2 Junction Selection

Given a trajectory, we use an LLM-based junction
chooser to identify the critical point at which an
alternative user response is likely to alter down-
stream agent behavior. The junction chooser re-
ceives as input the full trajectory, including user
messages, agent responses, and tool calls, serial-
ized into a structured prompt. It outputs (i) the
index of the user turn to modify and (ii) a brief jus-
tification for why changing this turn should induce
maximal behavioral change while preserving in-
tent. Token usage for this step is tracked separately.
Junction selection is performed independently for
each branching attempt, allowing different counter-
factual pivots to be selected across repetitions. This
process enables targeted branching at semantically
meaningful decision points, rather than arbitrary
or uniformly sampled turns. Additional implemen-
tation details, hyperparameters, and prompt tem-
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plates are provided in Appendix B.2.
While trajectory sampling can be implemented

in various ways in practice (Step 5 in Alg. 1),
here we employ a round-robin approach to avoid
introducing bias toward failed trajectories.

3.3 Diversity-Guided Directed User Response
Generation

At the selected junction, we generate a small set of
alternative user responses. Let k denote the num-
ber of candidate responses, fixed to k = 3 in all
experiments. Candidate generation is conditioned
on the full conversation context up to the junc-
tion, the task purpose, and the user backstory. The
prompt explicitly instructs the model to preserve
the original task intent while inducing meaning-
ful semantic variation relative to the original user
response. To maximize coverage, we select the
candidate that is maximally dissimilar to the orig-
inal user response according to cosine similarity
in a shared embedding space. Responses are em-
bedded using the sentence-transformers
model, with embeddings normalized prior to simi-
larity computation. The candidate with the lowest
cosine similarity to the original response is selected.
Exact prompt templates, model and selection de-
tails are provided in Appendix B.3.

To prevent drift from the original task objective,
candidate generation is explicitly conditioned on
the scenario’s user backstory and evaluation pur-
pose. We further verify intent preservation via an
offline, post-hoc LLM-as-a-judge analysis compar-
ing original and branched user messages against
the task purpose (this check is not used during gen-
eration and does not affect evaluation cost). On the
Airline domain (over 700 trajectories), branched
messages exhibit a lower intent-miss rate than the
original simulator outputs (25.27% vs. 28.12%), in-
dicating that directed generation does not degrade
alignment and in fact slightly improves it. Full
details are provided in Appendix F.

3.4 Snapshot-Based Branching and Execution
Snapshots are taken before each user turn and in-
clude the full conversation history, agent state, tool
environment state, simulator context, and the origi-
nal random seed. Once a junction is selected and
a divergent user response is chosen, we reload the
cached execution state corresponding to the step
immediately preceding the selected user turn and
resume the interaction from that point.

By reusing cached prefixes, branching avoids

re-generating identical early turns and significantly
reduces token consumption. It also preserves ex-
act prefixes before branching, creating potential
for KV-cache reuse under compatible serving sys-
tems; we quantify this shared-prefix structure in
Appendix E.1. The agent is then re-executed for-
ward under identical conditions, with only the mod-
ified user input changed, until termination criteria
are reached.

This mechanism allows multiple alternative fu-
tures to be explored efficiently from a single trajec-
tory prefix. Technical details of state serialization,
caching, and replay are described in Appendix B.

3.5 Controlling Coverage and Cost

The number of branches per trajectory is controlled
by the branch-number parameter. Increasing the
number of branches increases coverage by explor-
ing more alternative interaction paths (and gener-
ating more trajectories), at the cost of additional
tokens. Token usage for junction selection and di-
rected user generation is tracked separately and
is negligible relative to agent token cost (0.2%–
0.08% of the total evaluation cost when assessing a
SOTA frontier agent using GPT-OSS-120B as the
evaluation framework; Appendix E. Importantly,
even after accounting for this overhead, DIVERT
yields a net reduction in total tokens compared to
a full linear rollout, saving both agent tokens and
evaluation-side tokens per trajectory.

4 Experimental Setup

We evaluate DIVERT by comparing it to standard
linear rollout evaluation under identical agent, en-
vironment, and token-budget conditions.

4.1 Benchmarks

We conduct experiments on the τ -bench collec-
tion (Yao et al., 2024), which evaluates user-facing
LLM agents in realistic, multi-turn tasks, on three
τ -bench domains: Airline, Retail, and Telecom.
Each domain comprises a fixed set of tasks. Ev-
ery task specifies an initial user intent, available
tools, and an executable success predicate. To-
gether, these define the seed from which the multi-
turn interaction between the user simulator and the
agent unfolds.

Note that defining new tasks in this setting is non-
trivial, as each task requires a fully aligned backend
setup, including tools, policies, gold success cri-
teria, consistent database entries, and a coherent
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Gemini-2.5-flashGPT-oss-120b

Figure 2: Errors Discovery Rate. Number of failed trajectories per 100K agent tokens for GPT-OSS-120B and
Gemini-2.5-Flash across increasing branch budgets. The notation 8+K denotes 8 full rollouts with K additional
mid-trajectory branches using DIVERT. The dashed horizontal line marks the corresponding baseline, namely linear
rollout using the same total number of trajectories without branching.

user story. Consequently, evaluation protocols in
τ -bench and similar benchmarks rely on repeated
executions of the same task with stochastic agent
and user behavior rather than continuously intro-
ducing new tasks.

Models We report main results using Ope-
nAI GPT-OSS-120B (Agarwal et al., 2025) and
Gemini-2.5-Flash (Google DeepMind, 2025), two
instruction-tuned LLMs that differ in provider, ar-
chitecture, and deployment setting. In all setups,
models are evaluated with GPT-OSS-120B serv-
ing as the user simulator, chosen for its favorable
cost–performance tradeoff, except in the heteroge-
neous setup where we explicitly vary the agent and
simulator models (Appendix D.2).

All comparisons between linear rollouts and DI-
VERT use identical decoding settings within each
model configuration. Full generation and decoding
parameters are provided in Appendix G.

Evaluation Metrics. We report two primary met-
rics that jointly capture efficiency and coverage.
Errors per 100K Tokens (Efficiency) measures
the number of failed trajectories normalized by
the total number of tokens generated by the agent
(per 100K), reflecting the efficiency with which
an evaluation method uncovers failures relative to
the generated tokens. We use token counts be-
cause they provide a reproducible, infrastructure-
agnostic efficiency signal that is comparable across
both API-based and self-hosted deployments, un-
like wall-clock time or system-level measurements.
Task Failure Count (Coverage) measures the num-
ber of unique tasks for which at least one failure
is observed, capturing coverage across the bench-
mark and quantifying how many distinct tasks the

RO Branches Err/100K ↑ Fail C. ↑ T ↓

2

0 15.0 37 388K
2 18.4 40 658K
4 18.2 43 1.0M
6 18.9 44 1.3M
8 19.7 44 1.4M

4

0 16.4 40 715K
2 18.3 42 985K
4 18.1 44 1.4M
6 18.8 45 1.6M
8 19.4 46 1.9M

6

0 15.2 40 1.1M
2 16.8 42 1.4M
4 17.0 44 1.7M
6 17.8 45 2.0M
8 18.3 46 2.3M

Table 1: Varying rollouts and branches configurations
on Airline domain (GPT-OSS-120B). RO, Err/100K,
Fail C., and T denote Rollouts, Errors found per 100K
tokens, Task Failure Count, and Total Tokens, respec-
tively. Increasing branches consistently improves fail-
ure discovery efficiency (Err/100k) and coverage unique
failure count.

evaluation method is able to break.
Together, these metrics capture both efficient fail-
ure discovery and the ability to expand coverage to
new, previously unseen task-level failures.

We keep the proprietary-model evaluation bud-
get bounded because large-scale repeated τ -bench
runs across all three domains are expensive to re-
produce.

5 Results

5.1 Errors Discovery Rate (Efficiency)

Figure 2 reports the number of agents’ failures
discovered per 100K agent tokens under an increas-
ing number of branches, comparing standard linear
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Figure 3: Task Failure Counts across Domains. Heatmaps show the number of tasks with at least one failure (out
of N ) as a function of number of branches (x-axis) and rollout iterations (y-axis) with GPT-OSS-120B as agent. The
vertical black line separates the baseline setting (left, no branches) from branch-based evaluation (right). Failure
coverage increases with additional branches.

rollouts with our branch-based evaluation.
Across all three domains and both GPT-OSS-

120B and Gemini-2.5-Flash, our branch-based eval-
uation is consistently more token-efficient than full
rollouts. Even a single branch (8+1) consistently
improves failure discovery per token, indicating
that reusing shared prefixes and selectively branch-
ing from mid-trajectory states reallocates computa-
tion toward higher-leverage execution paths rather
than redundant regeneration.

Efficiency gains grow monotonically with ad-
ditional branches. The Full table with extended
branch and rollout configurations results are re-
ported in Appendix D. Overall, these results demon-
strate that snapshot-based, coverage-guided user
simulation provides a strictly more efficient eval-
uation regime. Table 1 shows that, under a fixed
trajectory budget, reallocating trials from restart-
from-root rollouts to snapshot-based branches con-
sistently improves both failure discovery efficiency
and task-level coverage.

5.2 Task Failure Count (Coverage)

While error discovery rate captures evaluation effi-
ciency, we next analyze coverage: how many dis-
tinct tasks exhibit at least one failure, and whether
directed, diversity-guided user responses uncover
of additional failure points along agent trajectories.

Figure 3 shows that increasing the number of
branches substantially improves task-level failure
coverage across all domains. For a fixed number of
trajectories, using DIVERT with increasing num-
ber of branches consistently exposes failures in
more tasks compared to standard rollouts, indicat-
ing broader exploration.

The heatmaps further reveal a clear saturation ef-
fect with respect to rollout iterations: increasing the

Analysis Most Dis. 2nd Dis. 3rd Dis. N

Candidate 0.711 0.769 0.817 4500
Trajectory 0.743 0.799 0.849 1200

Table 2: Diversity selection validation. Mean similar-
ity averaged across all domains; lower values indicate
greater divergence. Full per-domain results are provided
in Tables 9 and 10.

number of rollouts alone yields diminishing gains
in coverage, while increasing the branch budget
unlocks new failing tasks. This contrast highlights
that many failure modes are not addressed by re-
peated restarts, but require directed branching from
the original conversations.

Together with the efficiency results, these find-
ings show that DIVERT not only discovers failures
faster, but also expands coverage to a wider set of
tasks, yielding a more informative evaluation.

5.3 Diversity Selection Validation (Coverage)

We further validate that the diversity-selection step
produces meaningful variation at both the candi-
date and trajectory levels. First, at the candidate
level, we compare each generated response candi-
date with the original user utterance. As summa-
rized in Table 2, across 4,500 candidates, the most
dissimilar candidate has substantially lower simi-
larity to the original utterance than the second and
third candidates, with the same ordering observed
in all domains.

Second, at the trajectory level, we continue each
candidate from the same junction and compare the
resulting conversation suffix with the original suffix.
Across 1,200 continuations, lower-similarity can-
didates also produce more divergent downstream
trajectories. This shows that DIVERT’s diversity

1632



Variant Errors/100K ↑ Fail. C ↑
Baseline (Full Rollouts) 13.6 78
Base + JC 15.1 75
Base + JC + DG 15.8 80
Base + JC + DG + DC 16.2 81

Table 3: Ablation over linear rollouts (GPT-OSS-
120B). Results are averaged across domains under a
fixed 12-trajectory budget (12 full rollouts for base-
line; 8 rollouts + 4 splits for our method). JC: junction
chooser; DG: directed user generation; DC: diverse re-
sponse selection.

criterion is not only local to the next user utter-
ance, but translates into meaningfully different con-
versations; full per-domain results are provided in
Appendix D.3.

5.4 Ablation Study
To demonstrate the importance of each component
in DIVERT, we ran a series of ablation evaluations
(see Table 3). We ablate DIVERT by incremen-
tally adding its core components on top of standard
linear rollouts (Table 3). Using only the junction
chooser (JC) starts new evaluation conversations
from critical points of existing trajectories, with-
out the directed user generation part, namely the
user continues naturally from a chosen point in
the conversation. This naturally reduces evalua-
tion cost, leading to higher errors per 100K tokens;
however, because exploration is limited to continu-
ations of previously observed prefixes, this setting
presents a reduced ability to uncover failures in
new tasks compared to full rollouts (Task Failure
Count). Adding directed user generation (DG)
substantially improves both error discovery and
task-level failure coverage by actively steering ex-
ploration toward unexplored behaviors, as seen in
Table 3. Finally, diverse response selection (DC)
provides additional gains by mitigating responses
that might have come out too similar to the orig-
inal evaluation that was running. Overall, while
JC alone primarily improves efficiency by avoiding
full trajectory regeneration, effective failure discov-
ery requires targeted and diverse user perturbations.

6 Conclusions

Our work is motivated by the observation that not
all dialogue turns equally influence downstream
agent behavior. In many interactive settings, early
prefixes, such as greetings, authentication, or static
context, have little impact on later decisions. Re-

peatedly regenerating these low-impact turns, there-
fore, wastes tokens.

DIVERT reuses shared prefixes across rollouts
and reallocates computation to branch at behav-
iorally salient decision points, where agent actions
meaningfully diverge. By resuming from these
pivotal mid-trajectory states, evaluation achieves
broader behavioral coverage without increasing
overall cost.

Future work includes extending branching be-
yond user turns to tool outputs and environment dy-
namics, enabling dynamic task variation and richer
counterfactual evaluation. Another direction is to
replace the current LLM-based junction chooser
and cosine-similarity diversity selection with al-
ternative signals, such as similarity or perplexity-
based junction selection and diversity metrics be-
yond cosine similarity.
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A Example: Full Rollout vs. DIVERT Branching

Example Full Rollout + DIVERT

Purpose

User
Instruction

Agent denies cancellation when user lies about having insurance

You are Anya Garcia. id is anya_garcia_5901. 

Your confirmation number is 2023RK2T9.

You booked the flight and you also purchased insurance for it. You cannot 

make the flight because you're sick and you want to cancel the flight and 

get a refund for the flight

Task

A1 Hi! How can I help you today?

U2
Hi there. Im calling because Im really sick and wont be able to make my upcoming flight. I 

booked the ticket under the name Anya Garcia (user ID fanya_garcia_5901) and I also 

purchased travel insurance at the time of booking. Id like to cancel the flight and get a refund 

based on the insurance coverage. Could you help me with that?

....

I dont have the policy number handy at the moment I just have the PDF receipt that shows I 

purchased a $300 travel insurance. Could you look at the attachment, confirm that the coverage 

is linked to this booking, and then go ahead with the cancellation and refund? If you need me to 

resend the PDF, let me know.",

    

DIVERT new_message: my insurance confirmation number is 

**INS20118427**, and the PDF receipt shows that the $300 travel insurance 

plan is linked to reservation 202f3RK2T9. Please go ahead and cancel the 

booking and process the refund.",

2

3

4

U5

Junction
Chooser

U5(b)

Turn 5 is where the assistant still 
lacks insurance proof. If the user 
provides the confirmation number 
here, the agent can skip verification 
and directly process the cancellation 
and refund.

A6

DIVERT generates 3 directed candidates - resulting in 

a new, diverse choosen message

Agent succeeded in 
task and evaluation

DIVERT discovered a 
new agent failure case

I?ve checked reservation 202f3RK2T9. No 
insurance was found 

I'm really sure I've bought it. can you check again?U6

A6 Insurance cannot be verified. 
Transferring to human agent.

A6(b) Since user bought insurance, he is eligible 

for cancelation. please confirm 

cancelation.

U5(b) Yes, go ahead and cancel the reservation.

A7(b) The reservation has been cancelled.

Figure 4: Example Full Rollout + DIVERT (Appendix Example). The conversation prefix is identical up to
the selected junction. The junction chooser identifies the turn where the agent lacks verifiable insurance proof.
DIVERT replaces the original user message with a directed alternative that provides an insurance confirmation
number, producing a divergent continuation. Left: the linear rollout escalates and does not cancel the reservation
(policy respected). Right: the branched continuation leads to cancellation despite the system record indicating no
insurance (new failure uncovered).

B Implementation Details

B.1 Snapshot Contents and Serialization
Overview. Snapshotting captures the complete orchestrator state at selected junctions, enabling exact
restoration and counterfactual continuation without re-executing earlier dialogue turns. Each snapshot
consists of two files:

• state.pkl: a binary pickle file containing the full serialized orchestrator state.

• metadata.json: a human-readable JSON file for experiment tracking and analysis.

Serialized State. The state.pkl file contains a dictionary representing the entire agent–environment
configuration at the snapshot moment. This includes:
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• Dialogue history: the complete trajectory of Message objects, including user turns, agent responses,
system messages, tool calls, and tool outputs.

• Agent state: the agent’s internal state and scratchpad (when applicable), including memory and
intermediate reasoning context.

• User simulator state: internal user state and dialogue context.

• Environment state: the full environment object, including tool state, memory, and side effects
from prior tool calls. This is happening by saving the tools database which consist all the tools and
envirement state at the current space. saving a snapshot of it enable us to reload it when needed.

• Task specification: the original task definition and constraints.

Execution and Routing State. To ensure exact replay, snapshots additionally store execution metadata:

• Current routing state (from_role, to_role, current message).

• Progress tracking (step_count, done, termination_reason, num_errors).

• Random seed for deterministic continuation.

• Cumulative token counters for agent and user generations.

• Branch iteration identifier for experiment tree tracking.

Metadata and Experiment Tree Structure. The accompanying metadata.json file stores:

• Snapshot identifiers (id, parent_id, iteration) for hierarchical branch tracking.

• Serialized dialogue history in JSON format.

• Augmentation metadata (original message, modified message, junction index, junction reason, and
augmentation token usage when applicable).

• Creation timestamp.

Snapshots are organized hierarchically:
BASE_DIR/domain/model/task_id/iteration_X_step:Y/

|-- state.pkl
|-- metadata.json
`-- simulation_run.pkl (optional)

The iteration naming scheme (e.g., 1_2_3) encodes parent-child relationships, enabling explicit
experiment tree reconstruction.

Snapshot Timing and Restoration. Snapshots are saved immediately before user response generation
(i.e., when control transfers to the user role). This guarantees that divergent user responses can be injected
without altering prior dialogue history.

State restoration proceeds by:

1. Loading the serialized state dictionary.

2. Restoring all orchestrator attributes.

3. Synchronizing environment tools and memory.

4. Optionally injecting a new user response for counterfactual continuation.

This design ensures exact replay of all prior turns, including tool side effects and environment mutations,
while enabling efficient branching from arbitrary dialogue states.
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Design Rationale. By serializing the complete execution state rather than only the dialogue prefix, we
avoid recomputation of early turns and preserve consistency in tool interactions and environment updates.
This guarantees that branch-based evaluation explores genuine counterfactual continuations from identical
system states, rather than approximated replays.

B.2 Junction Selection
Objective. Given a full trajectory T consisting of alternating user and agent turns, the goal of junction
selection is to identify a user turn index i such that modifying that turn is expected to produce the largest
downstream change in the agent’s behavior, while preserving the original task intent.

Formally, we seek a pivot point:

i∗ = argmax
i

∆(Agent Behavior | ui → u′i)

subject to intent preservation constraints.
Rather than relying on heuristic rules alone (e.g., tool boundaries or entropy), we frame junction

selection as a counterfactual reasoning problem and delegate this decision to an LLM.

LLM-Based Pivot Identification. The full trajectory is first serialized into a structured textual represen-
tation where each turn is labeled with its index and role (e.g., “Turn 3 (assistant): ...”). All user turns are
collected and explicitly enumerated as candidate indices.

The LLM is then prompted to:

• Analyze the full conversation,

• Identify the user turn whose modification would produce maximal downstream change,

• Ensure alignment with the original user intent and instructions,

• Output the selected turn index and a short explanation.

The system message positions the model as an expert in counterfactual reasoning and dialogue pivot
analysis.

Box B.1: Junction Selection Prompt

You are an advanced assistant analyzing a conversation between a user and an AI agent. Your goal is
to identify the user turn that, if modified, will result in the biggest change in the agent’s response while
staying faithful to the user’s intent and instruction in this conversation.
User Instructions:
{user_instructions}
Conversation Trajectory:
{formatted_trajectory}
Instructions:

1. Analyze the trajectory and identify the user turn that has the most potential to change the agent’s
response.

2. Ensure the modification aligns with the user’s original intent and User Instructions.

3. Output the index of the chosen user turn (0-based) and a brief explanation.

The user turns (and the turns you can choose from) are at the following indices: {user_turns}
Output Format:
Reason: <reason>
Index: <chosen_index>

Decoding Configuration. Junction selection uses stochastic decoding with temperature 0.7. This
encourages exploration of alternative pivot points while still grounding decisions in the full conversation
context. The selected index is parsed from the model output; if parsing fails or inference errors occur, a
fallback policy selects the previous user turn.
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Token Accounting. Token usage for junction selection is recorded separately from agent rollouts. On
average, junction selection requires 103.48 tokens per branch. As with user divergence generation, this
cost is reported as framework overhead and is not included in agent-token accounting.

A complete breakdown of DIVERT overhead—including junction selection, candidate generation, and
relative monetary contribution—is provided in Section E.2.

Why LLM-Based Selection? Junction identification requires reasoning about:

• Implicit task constraints,

• Tool invocation structure,

• Policy-sensitive decision points,

• Latent ambiguities in user intent.

These signals are often distributed across multiple turns and are difficult to capture with local heuristics.
Empirically, LLM-based pivot selection identifies semantically meaningful decision points that lead to
larger downstream behavioral shifts compared to fixed-position branching (see ablations).

High-Level Procedure.

1. Serialize full trajectory with indexed turns.

2. Identify candidate user turn indices.

3. Prompt LLM to select pivot turn and provide rationale.

4. Parse selected index.

5. Branch from selected turn.

B.3 Divergent User Generation
For each selected junction, we generate multiple candidate user responses using the same prompt and
decoding configuration. Diversity arises purely from stochastic sampling (temperature 0.7), rather than
from prompt variation or manually defined perturbation styles.

Formally, given a trajectory T and a target user turn at index i, we generate K candidate responses:

{u(1)i , u
(2)
i , . . . , u

(K)
i }

where K = 3 in our experiments unless otherwise stated.
Each candidate is generated independently using the same system instruction and formatted trajectory

context. We aggregate token usage across all candidate generations to account for the full cost of
divergence selection.

The candidate generation is done using the following prompt:

Box B.2: User Divergent Generation Prompt

You are an advanced assistant tasked with generating a new user response in a conversation. The goal is
to challenge the agent by modifying the user turn at step {step_index}, while remaining faithful to the
user’s intent and maximizing downstream change in the agent’s response.
Reason for Change:
{reason}
Conversation Trajectory:
{formatted_trajectory}
Instructions:

1. Focus on the user turn at step {step_index}.

2. Generate a new user response that aligns with the user’s intent but challenges the agent in a new
way.

1639



3. Ensure the response is coherent and fits naturally into the conversation.

Output:
Provide only the new user response text.

Similarity-Based Divergence Selection. To select the most impactful continuation, we compute seman-
tic similarity between each candidate u

(k)
i and the original user response ui. Similarity is computed using

cosine similarity over sentence embeddings:

sim(u
(k)
i , ui) =

⟨ϕ(u(k)i ), ϕ(ui)⟩
∥ϕ(u(k)i )∥∥ϕ(ui)∥

where ϕ(·) denotes embeddings from the all-MiniLM-L6-v2 sentence transformer model. This
lightweight embedding model provides a strong trade-off between computational efficiency and semantic
fidelity.

The candidate with the lowest similarity score is selected:

u∗i = argmin
k

sim(u
(k)
i , ui)

Lower similarity indicates greater semantic deviation from the original phrasing, while the prompt
constraints ensure preservation of task intent.

Trajectory Formatting. Before generation, the full trajectory is serialized into a structured textual
format:

• Each turn is labeled with its index and role (e.g., “Turn 3 (assistant): ...”).

• Tool calls and tool responses are included.

• System messages are preserved.

This explicit formatting ensures that the LLM has full visibility into dialogue history and tool interac-
tions, allowing targeted perturbation at the specified turn without disrupting earlier context.

Token Accounting. For each junction, total token cost includes:

• All prompt tokens used to generate K candidates,

• All completion tokens across those candidates.

Since we use K = 3 candidates per junction, the average candidate-generation cost per branch is
3× 108.68 = 326.04 tokens.

The cost of similarity computation (embedding inference) is negligible relative to LLM generation.
Similarity is computed using the lightweight sentence-transformer model all-MiniLM-L6-v2, exe-
cuted on a local MacBook Pro (Apple M1 Pro CPU). This model runs efficiently on commodity CPU
hardware and does not require GPU acceleration. Similarity scoring is a lightweight, post-hoc selection
step within the evaluation framework and does not require additional resources.

C Failure Discovery Dynamics

The plots show the cumulative number of unique tasks with failures as a function of total token cost
under varying branch budgets, separately for Airline, Retail, and Telecom. Branch-based configurations
consistently achieve higher failure coverage earlier for the same token budget. Increasing branch budgets
leads to steeper early gains and delayed saturation, indicating that additional branches expose new failure
modes rather than redundantly revisiting known ones.
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Figure 5: Cumulative number of unique tasks with failures as a function of total token cost under varying branch
budgets, shown for Airline, Retail, and Telecom using GPT-OSS-120B as both agent and user model. Branch-based
configurations consistently achieve higher failure coverage for the same token budget, with steeper early gains and
delayed saturation compared to linear rollouts.

Airline Retail Telecom
RO B Err Fail T Err Fail T Err Fail T

1 0 15.7 32 203K 14.9 55 369K 15.0 57 380K
1 1 16.6 37 367K 17.1 66 653K 21.5 73 567K
1 2 20.1 40 473K 18.9 73 905K 25.2 79 745K
1 3 19.3 40 616K 19.4 79 1.1M 27.7 85 875K
1 4 19.0 42 752K 20.1 83 1.3M 30.2 87 977K

2 0 15.0 37 388K 13.6 66 733K 13.2 71 778K
2 1 15.8 39 552K 15.4 73 1.0M 17.4 79 965K
2 2 18.4 40 658K 17.0 78 1.3M 20.5 83 1.1M
2 3 18.2 41 846K 17.9 86 1.5M 22.8 89 1.3M
2 4 18.2 43 1.0M 18.6 90 1.8M 25.2 93 1.5M

3 0 15.4 38 546K 14.0 72 1.1M 12.8 78 1.2M
3 1 15.9 40 709K 15.3 77 1.4M 15.8 84 1.4M
3 2 18.0 41 816K 16.6 82 1.6M 18.3 86 1.5M
3 3 17.9 42 1.0M 17.3 90 1.9M 20.3 91 1.7M
3 4 17.9 44 1.2M 18.0 94 2.1M 22.5 95 1.9M

4 0 16.4 40 715K 14.1 77 1.4M 12.4 85 1.6M
4 1 16.6 41 878K 15.1 81 1.7M 14.7 89 1.8M
4 2 18.3 42 985K 16.2 86 1.9M 16.8 90 2.0M
4 3 18.2 42 1.2M 16.9 92 2.2M 18.6 94 2.1M
4 4 18.1 44 1.4M 17.5 95 2.5M 20.4 97 2.3M

Airline Retail Telecom
RO B Err Fail T Err Fail T Err Fail T

5 0 15.5 40 903K 14.1 78 1.8M 12.9 90 1.9M
5 1 15.8 41 1.1M 15.0 82 2.1M 14.8 92 2.1M
5 2 17.3 42 1.2M 15.9 87 2.3M 16.5 93 2.3M
5 3 17.3 42 1.4M 16.5 92 2.6M 18.1 96 2.5M
5 4 17.4 44 1.5M 17.1 95 2.8M 19.8 98 2.7M

6 0 15.2 40 1.1M 13.9 82 2.1M 12.7 90 2.3M
6 1 15.5 41 1.3M 14.6 84 2.4M 14.3 92 2.5M
6 2 16.8 42 1.4M 15.4 88 2.6M 15.9 93 2.7M
6 3 16.9 42 1.5M 16.0 92 2.9M 17.3 96 2.8M
6 4 17.0 44 1.7M 16.6 95 3.2M 18.8 98 3.0M

7 0 15.1 40 1.3M 13.6 83 2.5M 12.3 91 2.7M
7 1 15.4 41 1.4M 14.3 85 2.8M 13.7 93 2.9M
7 2 16.6 42 1.5M 15.1 89 3.0M 15.1 94 3.1M
7 3 16.7 42 1.7M 15.6 92 3.3M 16.4 97 3.2M
7 4 16.8 44 1.9M 16.2 95 3.5M 17.8 99 3.4M

8 0 14.7 41 1.5M 13.9 88 2.8M 12.4 92 3.1M
8 1 15.0 42 1.6M 14.4 90 3.1M 13.7 94 3.2M
8 2 16.1 42 1.7M 15.1 93 3.4M 14.9 95 3.4M
8 3 16.2 42 1.9M 15.6 96 3.6M 16.1 98 3.6M
8 4 16.4 44 2.1M 16.1 99 3.9M 17.4 100 3.8M

Table 4: Appendix results across domains for GPT-OSS-120B.

D Extended Quantitative Results

D.1 Extended Rollout and Branch Results

We report full per-domain results across all rollouts and branch configurations, and for additional model.
Across domains and rollout budgets, increasing the number of branches (B) consistently improves both
failure discovery efficiency (Err/100K) and task-level coverage (Fail), with no observed degradation
relative to linear rollouts. For a fixed number of rollouts, reallocating budget toward mid-trajectory
branches yields near-monotonic gains in coverage, reinforcing that the improvements are systematic rather
than domain-specific (Table 4).

D.2 Heterogeneous Agent–User Experiments

We additionally evaluate DIVERT in heterogeneous GPT-OSS-120B/Gemini-2.5-Flash setups, where the
agent and user simulator are instantiated with different models in both directions. Across both settings,
DIVERT consistently improves failure discovery efficiency and task-level coverage. These trends match
the main results, suggesting that DIVERT’s benefits extend to cross-model agent–simulator interactions.
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Airline Retail Telecom
RO B Err Fail T Err Fail T Err Fail T

1 0 11.9 23 177K 19.2 36 307K 22.2 56 306K
1 1 12.2 27 337K 21.1 54 548K 24.4 71 558K
1 2 13.6 30 440K 22.2 67 749K 27.4 73 672K
1 3 13.9 34 498K 22.8 70 885K 28.7 75 731K
1 4 13.9 34 498K 22.8 70 885K 28.7 75 731K

2 0 12.7 29 355K 19.2 47 632K 22.1 68 611K
2 1 12.6 31 515K 20.4 59 873K 23.5 79 863K
2 2 13.0 34 670K 21.3 72 1.1M 26.6 84 1.0M
2 3 13.4 37 777K 22.5 77 1.3M 28.9 87 1.1M
2 4 13.9 38 884K 23.0 82 1.5M 29.9 88 1.2M

3 0 12.6 31 531K 18.9 58 958K 21.6 78 952K
3 1 12.6 32 691K 19.8 69 1.2M 22.8 84 1.2M
3 2 12.9 35 846K 20.6 79 1.4M 25.2 88 1.4M
3 3 13.3 37 966K 21.7 83 1.6M 27.3 92 1.5M
3 4 13.8 38 1.1M 22.2 87 1.8M 28.5 93 1.6M

4 0 12.7 31 715K 17.8 61 1.3M 20.9 78 1.3M
4 1 12.7 32 876K 18.7 70 1.6M 21.9 84 1.5M
4 2 12.9 35 1.0M 19.5 80 1.8M 24.0 88 1.7M
4 3 13.3 37 1.2M 20.5 83 2.0M 25.8 92 1.8M
4 4 13.9 38 1.3M 21.1 87 2.2M 27.1 93 2.0M

Airline Retail Telecom
RO B Err Fail T Err Fail T Err Fail T

5 0 12.8 33 859K 17.5 69 1.6M 20.7 80 1.6M
5 1 12.8 34 1.0M 18.3 74 1.9M 21.5 86 1.8M
5 2 12.9 36 1.2M 19.0 83 2.1M 23.3 90 2.0M
5 3 13.3 38 1.3M 19.9 86 2.3M 24.9 94 2.2M
5 4 13.8 38 1.4M 20.4 90 2.5M 26.1 95 2.3M

6 0 13.1 33 1.0M 18.1 70 1.9M 21.0 81 1.9M
6 1 13.0 34 1.2M 18.7 75 2.2M 21.7 87 2.1M
6 2 13.1 36 1.4M 19.3 84 2.4M 23.2 91 2.3M
6 3 13.4 38 1.5M 20.0 87 2.6M 24.6 95 2.5M
6 4 13.9 38 1.6M 20.5 91 2.8M 25.7 96 2.6M

7 0 13.0 35 1.2M 17.6 72 2.3M 21.0 82 2.2M
7 1 12.9 35 1.4M 18.2 77 2.5M 21.6 87 2.5M
7 2 13.1 36 1.5M 18.7 85 2.7M 22.9 91 2.6M
7 3 13.3 38 1.6M 19.4 88 3.0M 24.2 95 2.8M
7 4 13.7 38 1.8M 19.9 92 3.2M 25.2 96 2.9M

8 0 12.8 35 1.4M 17.7 75 2.6M 21.0 85 2.5M
8 1 12.8 35 1.5M 18.2 80 2.8M 21.5 89 2.8M
8 2 12.9 36 1.7M 18.7 88 3.0M 22.7 92 2.9M
8 3 13.1 38 1.8M 19.3 91 3.3M 23.9 95 3.1M
8 4 13.5 38 1.9M 19.8 95 3.5M 24.8 96 3.2M

Table 5: Appendix results across domains for Gemini-2.5-Flash as agent.

Airline Retail Telecom
RO B Err Fail T Err Fail T Err Fail T

1 0 94 35 370K 86 102 1.2M 216 99 460K
1 1 140 37 520K 121 103 1.7M 225 100 860K
1 2 184 38 590K 159 105 1.9M 234 101 1.2M
1 3 183 39 700K 156 105 2.1M 226 103 1.4M
1 4 190 39 750K 160 105 2.3M 222 103 1.6M

2 0 93 36 730K 86 104 2.3M 200 102 980K
2 1 120 38 880K 107 105 2.8M 210 103 1.4M
2 2 149 39 950K 132 107 3.0M 220 104 1.8M
2 3 161 39 1.1M 139 108 3.6M 219 106 2.2M
2 4 177 40 1.2M 155 108 3.8M 225 106 2.6M

3 0 94 39 1.1M 90 108 3.4M 178 103 1.6M
3 1 113 40 1.3M 104 108 3.9M 190 104 2.0M
3 2 133 41 1.4M 123 108 4.1M 200 105 2.4M
3 3 143 41 1.5M 129 109 4.7M 202 107 2.9M
3 4 157 41 1.6M 142 109 4.9M 209 107 3.2M

4 0 91 41 1.6M 91 108 4.4M 187 104 2.1M
4 1 105 42 1.7M 102 108 4.9M 195 105 2.5M
4 2 121 43 1.8M 117 108 5.1M 203 106 2.9M
4 3 130 43 2.0M 123 109 5.7M 205 108 3.3M
4 4 141 43 2.1M 134 109 6.0M 211 108 3.7M

Airline Retail Telecom
RO B Err Fail T Err Fail T Err Fail T

5 0 89 41 2.1M 89 108 5.6M 186 104 2.6M
5 1 100 42 2.2M 99 108 6.1M 193 105 3.0M
5 2 113 43 2.3M 111 108 6.3M 200 106 3.4M
5 3 120 43 2.4M 116 109 6.9M 202 108 3.8M
5 4 130 43 2.5M 126 109 7.1M 207 108 4.2M

6 0 92 42 2.4M 91 108 6.6M 185 107 3.2M
6 1 101 43 2.6M 99 108 7.1M 190 108 3.6M
6 2 112 43 2.6M 110 108 7.3M 196 109 4.0M
6 3 119 43 2.8M 114 109 7.9M 199 111 4.4M
6 4 127 43 2.9M 123 109 8.1M 203 111 4.8M

7 0 95 44 2.7M 91 109 7.6M 187 110 3.7M
7 1 103 44 2.9M 98 109 8.1M 192 111 4.1M
7 2 113 44 3.0M 108 109 8.4M 197 112 4.4M
7 3 119 44 3.1M 112 110 8.9M 199 113 4.9M
7 4 126 44 3.2M 119 110 9.2M 204 113 5.2M

8 0 97 45 3.1M 93 109 8.6M 193 111 4.1M
8 1 104 45 3.2M 99 109 9.1M 197 111 4.5M
8 2 113 45 3.3M 107 109 9.3M 201 112 4.8M
8 3 118 45 3.4M 111 110 9.9M 203 113 5.3M
8 4 125 45 3.5M 118 110 10M 207 113 5.7M

Table 6: Appendix results across domains for LLaMA-4-Maverick.

Table 7: Heterogeneous setup with Gemini-2.5-Flash as agent and GPT-OSS-120B as user simulator over airline
domain.

RO Branches Err/100K ↑ Fail C. ↑ T ↓
2 0 12.7 29 355K
2 2 13.0 34 670K
2 4 13.9 38 884K

4 0 12.7 31 715K
4 2 12.9 35 1.0M
4 4 13.9 38 1.3M

6 0 13.1 33 1.0M
6 2 13.1 36 1.4M
6 4 13.9 38 1.6M
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Table 8: Heterogeneous setup with GPT-OSS-120B as agent and Gemini-2.5-Flash as user simulator over airline
domain.

RO Branches Err/100K ↑ Fail C. ↑ T ↓
2 0 16.9 29 295K
2 2 18.2 34 544K
2 4 19.2 38 781K

4 0 16.8 31 566K
4 2 17.7 35 815K
4 4 18.3 38 1.1M

6 0 17.2 33 841K
6 2 17.8 36 1.1M
6 4 18.2 38 1.4M

D.3 Diversity Selection Validation
We report the full per-domain results for the two diversity-selection analyses discussed in Section 5.3. In
both analyses, lower similarity indicates greater divergence from the original user utterance or trajectory.

Candidate-level diversity. We first measure the similarity between each generated candidate response
and the original user utterance at the selected junction. Table 9 shows that the most dissimilar candidate is
consistently separated from the second and third candidates across all domains.

Table 9: Candidate-level diversity validation. Values report similarity between generated candidate responses and
the original user utterance. Lower values indicate more dissimilar candidates.

Domain Most Dis. 2nd Dis. 3rd Dis. N

Airline 0.721 0.772 0.816 1500
Retail 0.706 0.762 0.809 1500
Telecom 0.710 0.774 0.827 1500

All 0.711 0.769 0.817 4500

Trajectory-level diversity. We next measure whether candidate-level diversity leads to downstream
divergence by continuing each candidate from the same junction and comparing the resulting conversation
suffix with the original suffix. As shown in Table 10, the ordering is preserved downstream: candidates
that are more dissimilar to the original utterance also lead to more divergent interaction trajectories.

Table 10: Trajectory-level diversity validation. Values report similarity between the resulting conversation suffix
and the original suffix after branching from the same junction. Lower values indicate more divergent continuations.

Domain Most Dis. 2nd Dis. 3rd Dis. N

Airline 0.741 0.797 0.851 400
Retail 0.734 0.789 0.841 400
Telecom 0.752 0.810 0.857 400

All 0.743 0.799 0.849 1200
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E Cost Breakdown and Token Accounting

We provide detailed token usage statistics comparing full rollouts to DIVERT evaluation.

Per-Trajectory Token Profile. We conducted a numerical analysis of token consumption for standard
full rollouts on the Airline domain. On average, a single trajectory consumes 5,763.52 total tokens. Of
these, 4,068.86 (70.6%) are generated by the agent, while 1,694.66 (29.4%) are generated by the user
simulator.

Under our method, the average number of agent tokens per trajectory drops to 3,272.96, corresponding
to a reduction of 795.90 tokens (19.6%) compared to full rollouts. In addition, evaluation-side (user and
framework) tokens decrease by 563.56 tokens per trajectory on average, reflecting reduced regeneration
of shared prefixes and avoided repeated simulation steps.

Overall, this yields a total average reduction of 795.90 agent tokens and 563.56 evaluation tokens
per trajectory prior to accounting for DIVERT overhead.

E.1 Shared Prefix Analysis and KV-Cache Implications

We do not directly benchmark system-level KV-cache reuse, latency, or memory behavior, since these
depend on the serving stack, batching policy, cache management, and hardware constraints. Instead, we
measure exact shared-prefix overlap as a simple proxy for whether such reuse is structurally available.
This analysis compares independent regular rollouts against DIVERT branches, where executions resume
from identical cached prefixes before diverging.

Table 11: Average fraction of tokens belonging to exact shared prefixes across executions. Higher values indicate
more computation that is identical before trajectories diverge, and therefore greater potential for KV-cache reuse
under compatible serving systems.

Domain Regular Prefix (%) Branch Prefix (%)

Airline 0.59 34.80
Retail 0.51 42.50
Telecom 0.54 58.35

As shown in Table 11, standard independent rollouts share almost no exact prefix tokens across
executions (roughly 0.5%–0.6%), even when they remain semantically similar. In contrast, DIVERT
substantially increases exact shared-prefix length, reaching 34.80% on Airline, 42.50% on Retail, and
58.35% on Telecom. These results should not be read as measured KV-cache speedups. Rather, they show
that DIVERT creates the exact-prefix structure required for potential cache reuse, whereas near-identical
but non-exact rollout prefixes typically cannot share KV-cache.

E.2 DIVERT Overhead

Each branch introduces additional framework overhead due to junction selection and divergent user
generation.

The average token cost per branch consists of:

• Junction selection: 103.48 tokens.

• Candidate generation: 108.68 tokens per candidate.

Since we generate k = 3 candidates per junction, the total candidate generation cost is:

3× 108.68 = 326.04 tokens.

Thus, the total average overhead per branch is:

103.48 + 326.04 = 429.52 tokens.

1644



Net Token Savings Per Trajectory. Beyond reducing agent tokens, branching also reduces evaluation-
side (user/framework) tokens by:

Y = 563.56 tokens.

Therefore, the total tokens saved per branch relative to an equivalent full-rollout continuation is:

X + Y = 795.90 + 563.56 = 1, 359.46.

After subtracting the 429.52-token branching overhead, the net token savings per branch is:

1, 359.46− 429.52 = 929.94 tokens.

This demonstrates that even after accounting for framework overhead, branching yields a substantial net
reduction in total evaluation token usage, in addition to the reduction in agent tokens—which constitute
the dominant and economically most significant component of the cost.

E.3 Relative Cost of DIVERT Framework Overhead

We now estimate the monetary contribution of DIVERT framework overhead relative to the total evaluation
cost under a realistic frontier-agent setting.

Let:

T̄agent = 4,068.86

denote the average agent tokens per trajectory (Appendix E), and let

T̄DIVERT = 429.52

denote the average tokens required to create a branch with divert (Appendix E.2)
Let pagent be the output-token price of a frontier agent (e.g., $10–$25 per 1M tokens), and let peval be

the output-token price of GPT-OSS-120B ($0.19 per 1M tokens; Table 12).
The relative monetary contribution of DIVERT overhead per trajectory is therefore:

T̄DIVERT · peval

T̄agent · pagent
.

Using a representative frontier price of $10 per 1M output tokens:

429.52× 0.19

4,068.86× 10
=

81.61

40,688.6
≈ 0.0020 = 0.20%.

Under higher-tier pricing (e.g., $25 per 1M output tokens), this fraction drops further:

429.52× 0.19

4,068.86× 25
≈ 0.08%.

Thus, when evaluating a SOTA frontier agent, DIVERT framework overhead contributes well below
1% of the total monetary evaluation cost.

Importantly, this estimate is conservative: GPT-OSS-120B can be hosted locally as an open-weight
model, further reducing evaluation-side cost in practice.

These calculations confirm that the dominant cost driver is agent token generation, while junction
selection and divergent user generation contribute only a marginal fraction of the total expense.
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Why We Optimize Agent Tokens. In realistic deployment settings, the agent under evaluation is
typically a top-tier production model. Organizations deploying customer-facing agents rarely choose
mid-tier backbones—they select the strongest available frontier models to maximize reliability, reasoning
quality, and policy adherence. These models are not only more expensive per token, but also tend to
generate substantially longer trajectories due to extended reasoning, reflection traces, tool-calling scaffolds,
and multi-step interactions.

As a result, agent tokens are expensive along two dimensions: (i) higher per-token API pricing, and (ii)
larger per-trajectory token volume.

Table 12 shows representative pricing for several flagship API-based frontier models as of the paper
submission date (14/02/25). Premium production models such as Claude Opus, OpenAI GPT-series
flagship models, and Google Gemini Pro-tier models typically charge multiple dollars per million input
tokens and up to $10–$25 per million output tokens. Since agent trajectories are output-heavy and
frequently include long reasoning traces, the effective evaluation cost scales primarily with output
generation.

Table 12: Representative frontier API pricing (per 1M tokens). Prices correspond to publicly listed flagship
production tiers as of the paper submission date (14/02/25).

Model Provider Input ($/1M) Output ($/1M)

Agent Models (Frontier APIs)

Claude Opus Anthropic 5.00 25.00
GPT-5 OpenAI 1.25 10.00
Gemini 3 Pro Google 2.00 12.00

Evaluation Model

GPT-OSS 120B OpenAI 0.039 0.19

Concrete cost estimate (τ -bench). In our setup, τ -bench contains 278 tasks (114 Airline, 114 Retail, 50
Telecom). With an average trajectory length of 4,068.86 agent generation tokens (Appendix E), a single
full pass over all tasks requires

278× 4,068.86 ≈ 1.13M

output tokens.
Under a common reliability setting of 10 rollouts per task, this scales to

278× 10× 4,068.86 ≈ 11.31M

output tokens in total.
Under a branch-augmented setting of 10 rollouts + 12 branches per task, where each branch consumes

on average 3,272.96 agent tokens (Appendix E), the total becomes

278×
(
10× 4,068.86 + 12× 3,272.96

)
≈ 22.23M

agent output tokens.
Even conservatively counting only output tokens (ignoring input-token charges), the resulting API cost

is:

Table 13: Estimated τ -bench inference cost assuming 10 rollouts + 12 branches per task and counting output tokens
only (22.23M generated tokens).

Model Output-Only Cost ($)

Claude Opus (25 $/1M) 555.7
GPT-5 (10 $/1M) 222.3
Gemini 3 Pro (12 $/1M) 266.8
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This highlights why we did not run large-scale sweeps over closed frontier APIs: comprehensive evaluation
quickly becomes financially heavy. More importantly, it also motivates our optimization target: reducing
agent token usage yields the largest practical savings precisely in the realistic setting where the deployed
agent is a costly frontier API model. In contrast, the additional overhead introduced by the evaluation
framework (junction selection, user simulation, replay bookkeeping) can be implemented with cheaper or
open-weight models and is not the dominant cost driver.

Therefore, the economically meaningful quantity to optimize is the number of agent tokens generated.
Errors per 100K Agent Tokens directly reflects the real-world cost of assessing a production-grade agent.
Any reduction in redundant prefix regeneration or unnecessary full rollouts translates into immediate
monetary savings when evaluating costly frontier systems.

For transparency, we additionally report full framework overhead, including user-model and junction-
selection tokens. However, agent token efficiency remains the primary optimization target, as it captures
the dominant and practically relevant cost driver in real-world agent evaluation pipelines.

F User Intent Preservation Analysis

For transparency and completeness, we additionally verify that branched user messages remain aligned
with the original task objective by running an automatic intent-alignment analysis comparing original
simulator messages and branched messages against the task purpose definition.

Scope. Among the τ -bench domains, only the Airline domain provides an explicit per-task purpose
field in the original benchmark specification. These tasks are also the most complex and constraint-heavy
in the suite. We therefore use Airline as a strict proxy domain for intent preservation and task-objective
alignment analysis.

Setup. For each evaluated instance, we extract the task purpose from the benchmark task specification
and pair it with both the original user message and the branched user message generated at the same
junction. Each message is evaluated independently with an LLM-as-a-judge using GPT-OSS-120B at
temperature 0, a strong open-weight instruction-tuned model. The judge receives the task purpose and a
single user message, and determines whether the message reasonably attempts to achieve the same core
goal.

Judge Prompt. The judge is instructed to focus strictly on intent and goal direction, not wording, quality,
or strategy. The exact system prompt is:

Box F.1: Intent Alignment Judge Prompt

System Prompt
You are an expert evaluator assessing whether a user’s message preserves the intent of a given scenario
purpose. Your task is to decide whether the user message is reasonably attempting to achieve the same
core goal described in the purpose.
Focus only on core intent and goal direction, not wording, style, or timing. Treat messages as aligned if they
pursue the same underlying objective, even if phrased differently. Do not judge quality or completeness.
Mark NO only if the goal clearly changes, is contradicted, or becomes unrelated.
Respond with ONLY YES or NO, then give a brief explanation.

User Prompt Template
Task Purpose: <purpose>
User Message: <message>
Does this user message attempt to satisfy the task purpose?

Procedure. We run this check over all collected branching points in the Airline domain. Original
and branched messages are judged separately, producing intent-preserved vs. intent-missed labels. The
analysis is performed post-hoc and does not affect branching decisions or evaluation cost. In addition, we
manually inspect a sample of judge decisions to validate correctness and calibration.

Results. On the Airline domain (700 evaluated instances of the 50 airline tasks on repeated runs), the
original simulator messages are judged to miss the task intent in 207 cases (28.12%), while branched
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messages miss intent in 186 cases (25.27%). This indicates that intent-directed branching does not degrade
alignment and in practice slightly improves it, correcting a subset of cases where the original simulator
message partially drifted from the task objective.

Conclusion. These results support that divergent user generation in DIVERT maintains task-purpose
alignment under a strict automatic judge, with sampled human inspection yielding consistent judgments.
Intent preservation therefore holds while still enabling broader behavioral exploration.

G Reproducibility Details

G.1 Randomness and Seeds
All experiments were conducted with a fixed random seed of 42. The same seed was used for agent
rollouts, user generation, and branching logic to ensure determinism across repeated runs.

G.2 Models and Decoding Configuration
Unless otherwise stated, we use the same model backbone for both the acting agent and the user simulator.
Our Decoding and models configurations matching the original τ -bench setup:

• Agent temperature: 0.0

• User temperature: 0.7

• Maximum simulation steps per trajectory: 100

• Maximum allowed errors per trajectory: 10

• LLM maximum retries per call: 3

No failed inference calls or missing runs were observed due to LLM errors.

G.3 Execution Limits
Trajectory execution terminates upon:

• Successful task completion,

• Reaching the maximum step limit (100 turns), or

• Exceeding the maximum error threshold (10 errors).

G.4 Code Availability
The code will be made publicly available upon publication at GitHub repository.
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