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Abstract

Multi-turn tool calling is a core evaluation
scenario for large language model (LLM)
agents. On public tool-calling benchmarks,
open-weight models now approach or even
surpass closed-source frontier models in ag-
gregate accuracy. However, this metric av-
erages over many different multi-turn situa-
tions and obscures whether progress is bal-
anced across them. We propose an action-
class-oriented diagnostic framework that de-
composes multi-turn failures into two or-
thogonal modes: action-class miscalibration
and action-execution failure. The frame-
work operates over a four-class action space
(TOOL_CALL/ASK/REFUSE/CONFIRM) and in-
troduces a self-revealing upper bound Acc <
GAR (Gold Action Recall); the two modes
show up as bound violation (Acc > GAR, ex-
posing state-grader masking of miscalibration)
and large bound slack (GAR > Acc, localiz-
ing execution failure within TOOL_CALL). We
validate it on a panel of tool-calling models
across multiple multi-turn benchmarks. Across
our panel, the diagnostic reveals action-class
miscalibration as a substantial failure mode the
state grader cannot see. This gap inflates stand-
ing for heavily tool-trained families, which our
diagnostic separates from families with context-
appropriate action choice. Calibration is resha-
pable through context-only perturbations, but
the reshape is heterogeneous: a single pertur-
bation moves accuracy in opposite directions
across families (up to +11.5 vs —21.0 pp on
the same scenario), and its effect further de-
pends on the perturbation mechanism. We
argue that multi-turn tool-calling evaluations
should supplement aggregate accuracy with
action-class diagnostics that expose what the
model actually does in each scenario.

1 Introduction

Tool-use evaluation has moved from single-turn
call syntax (Schick et al., 2023) to multi-turn agent
behavior (Yao et al., 2023), and stateful suites now

"What's the cost of a business class flight,

USER (start of trajectory)
CRH » RMS, on July 157"

‘ two BFCL surgical edits *
[ miss_param ] [ miss_func ]
edit: a required parameter is removed edit: a required function is held out
from a downstream user message of the toolbox for one turn
AGENT AGENT — * gold action = REFUSE
get_flight_cost(...) - $560 ~ [get._flight_cost held out from toolbox this turn]
] EXPECTED (action_class = REFUSE)
USER REFUSE("no pricing tool available")
"Set my budget to 2000."
[access_token omitted by BFCL] ACTUAL (action_class = TOOL_CALL)

book_flight(
access_token=  '1234567890" ,
card_id=  ‘card123’, ...)

¥
AGENT — * gold action = ASK

[Expecrsb (action_class = ASK)

{""A diagnostic FLAG: TOOL_CALL # REFUSE }
v

© BFCL workaround — restores held-out function

ASK("please provide access_token")

set_budget_limit(
USER turn: (no message — benchmark mechanic)

ACTUAL (action_class = TOOL_CALL)

access_token= 'my_token',
budget_limit=2000) AGENT ‘
4 get_flight_cost(...) - $560 + J
A diagnostic FLAG: TOOL CALL  ASK ! 7
' USER
« BFCL workaround — supplies missing param "Set budget 2000, token: ...abc123."
USER ¥
“my token is access_token_abc123" [ :zi'i{mdgetjimm ) ]
AGENT ‘
set_budget_limit(real, ...) /]

¥
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USER (final turn of trajectory)

"Please file a support ticket about the seating issue."
¥

AGENT (final turn of trajectory)
contact_customer_support(...) v

[ BFCL state grader: PASS v (both branches) }
( )

Action-class diagnostic: A 1 miss caught per branch

Figure 1: The state grader hides action-class misses;
the per-turn diagnostic exposes them. A single user
query (top) is edited two ways by BFCL: miss_param
removes a required parameter from a downstream user
turn so the gold action class becomes ASK; miss_func
holds out a required function for one turn so the gold
action class becomes REFUSE. On both branches
the agent instead emits TOOL_CALL with fabricated
placeholder argument values (’my_token’ on the left;
71234567890, ’card123’ on the right). The bench-
mark then supplies the missing piece on the next
turn and the trajectory recovers; the final system state
matches the gold reference and the state grader returns
PASS for both. Our per-turn action-class diagnostic
(§3.1) compares each emission against its gold action
class and flags one miss per branch, precisely where the
state-graded score is blind.
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score whole trajectories (Patil et al., 2025; Yao
et al., 2024; Barres et al., 2025). A model can still
produce well-formed tool calls and fail the decision
that matters: whether this turn calls for a tool, a
clarification, a refusal, or a confirmation.

The bottleneck is action-class miscalibration: the
model emits the wrong action class for the sce-
nario. Comparing each emission against the class
the context requires exposes sharp cross-family di-
vergence in which class a model emits in which sce-
nario. xXLAM (Prabhakar et al., 2025) has 71.8%
aggregate accuracy but only 19.5% Gold Action
Recall (GAR) on miss_param, a 64.5 pp gap below
size-matched peers, while BFCL'’s state grader still
marks these cases as PASS (Tab 1). Figure 1 shows
one such case.

We formalize this gap as an action-class diag-
nostic with two orthogonal failure modes: action-
class miscalibration and action-execution failure
(8§3.2). We evaluate it on a BFCL v3 multi-turn
panel of open-weight families and closed-source
anchors, cross-check on 72-bench retail/airline, and
verify mechanisms via a 200-case audit (App. F).
We test calibration plasticity with two symmetric
inference-time probes: State-Reconciliation Inter-
vention (SRI) for missed tool calls (the gold action
is a tool call but the model emitted none) and Call-
Reconciliation Intervention (CRI) for unwarranted
tool calls (the model emitted a tool call where the
gold action is non-call) (§3.3).

Contributions. C1: Action-class diagnostic
framework. We define a four-class action space
and Gold Action Recall (GAR), then relate GAR
to BFCL state-graded accuracy. The bound Acc <
GAR is diagnostic: violation (Acc > GAR) ex-
poses state-grader masking on missing-info cate-
gories (miss_func, miss_param), and large bound
slack (GAR > Acc) captures tool, argument, or
state-progression failures after a tool call (§3.2).
C2: Calibration is the bottleneck. A top-ranked
family has substantially lower missing-info GAR
than its size-matched peers, while BFCL’s state
grader still passes many of these wrong-action tra-
jectories. A 200-case audit (x = 0.92) and cross-
benchmark reproduction on 72-bench retail and air-
line confirm the pattern (§4.1, §4.2). C3: Calibra-
tion is plastic but doubly heterogeneous. Context-
only perturbations can reshape the calibration pro-
file, but the reshape is heterogeneous on two axes.
On the direction axis, a single SRI perturbation
moves Acc in opposite directions across families
on the same scenario. On the mechanism axis, two

CRI variants (retry vs. bypass) dissociate cleanly:
retry shifts emission toward the gold action class
but degrades trajectory accuracy on nearly all fami-
lies, while bypass preserves or improves trajectory
accuracy without touching emission (§4.4).

Prescription. Multi-turn tool-calling bench-
marks should report GAR alongside aggregate ac-
curacy; it exposes what each model does in each
scenario (§3.2).!

2 Related Work

Prior work maps tool-use and broader agent fail-
ures and builds critics that catch them, at grains
from whole trajectories down to single argu-
ments (Hamad et al., 2025; Huang et al., 2025;
Zhu et al., 2025a; Xiong et al., 2025). Lee (2026)
attributes failures on solvable tasks to drift from
a canonical path rather than missing capability,
and Wagqas et al. (2026) to agents deferring to
false assertions from users or tools. Zhu et al.
(2025b) document reward-design flaws that distort
measured performance, including a grader count-
ing empty responses as successes—the masking
our bound exposes. We use calibration to mean
context-conditional action-class alignment, distinct
from probability calibration (Guo et al., 2017). The
nearest precedents ask whether a tool is needed at
all: MetaTool (Huang et al., 2024b) benchmarks
tool awareness and selection; When2Call (Ross
et al., 2025) scores when-to-call as a four-way
choice—call, ask, decline, or answer—and finds
the error pattern family-specific rather than uni-
form over-calling, leaving call correctness to BFCL.
Our Acc < GAR diagnostic instead operates on
the generative grader, decomposing action-class
miscalibration from action-execution failure across
families. Adjacent lines regulate when to act—
dynamic abstention (Davidov et al., 2026), cost-
aware commit control (Ding et al., 2026), halt
heuristics (Laaouach, 2025)—while we ask which
action class the context makes correct.
Inference-time interception can reduce hallu-
cination (Gurram, 2026), though intrinsic self-
correction can degrade performance (Huang et al.,
20244a); our SRI/CRI probes are diagnostic pertur-
bations rather than production fixes, and our 200-
case audit draws on process-supervision method-
ology (Wang et al., 2024; Luo et al., 2024). Con-
current diagnostic work targets multi-agent fail-

!Code and released artifacts: https://github.com/
fbj2333/tool-calling-calibration
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ure modes, failure-step localization, and myopic-
commitment amplification (Cemri et al., 2025;
Barke et al., 2026; Wang et al., 2026). Training-
side work improves multi-turn tool use through
supervised fine-tuning (Lin et al., 2025; Prabhakar
et al., 2025; Liu et al., 2025; Chen et al., 2025b)
or reinforcement learning (Zhong et al., 2026; Xue
et al., 2026; Su et al., 2025; Zhang et al., 2026,
2025; Chen et al., 2025a; Qian et al., 2025). We iso-
late and diagnose the calibration profile train-free,
with cross-family ablation on BFCL v3 multi-turn.

3 Method

3.1 Decision setup and diagnostic action space

We model a case as a state-action trajectory
((s1,a1),...,(sk,ax)): at turn k, the model
emits an action a; from state s (the conversation
history and tool returns up to turn k), and the bench-
mark’s tool simulator transitions the state to sy .
The benchmark grader compares the model’s run-
time state against a gold reference trajectory turn
by turn, skipping turns whose gold reference is
empty, and yields conversation accuracy (Acc).

Our  diagnostic adds a  categorical
layer over ay: we classify each emis-
sion into one of four action classes

A = {TOOL_CALL, ASK, REFUSE, CONFIRM},
plus a residual class OTHER for emissions that sig-
nal no decision, which GAR ignores. TOOL_CALL
is decided from the emission’s syntax, the other
three from textual cues appearing anywhere in
it. Each emission receives one label, under the
fixed priority TOOL_CALL > REFUSE > ASK >
CONFIRM > OTHER. The cue lists are released
with the code. For each scenario category (denoted
cat), the contextually appropriate gold action
a, € Ais fixed by benchmark design. The
framework asks whether the model chose a7, in
context, independent of state outcome.

We operationalize on BFCL v3 multi-turn (Patil
et al., 2025; Berkeley Function Calling Leader-
board Team, 2024). Here cat takes one of four val-
ues: base and long_context require TOOL_CALL,
miss_param withholds a required argument and
calls for ASK, and miss_func requests an unavail-
able tool and calls for REFUSE.

3.2 Diagnostic metrics

For a case, let E(case) C A be the set of ac-
tion classes emitted at any turn (with a},, as in

§3.1). Throughout, calibration refers to context-

conditional action-class alignment. Gold Action
Recall (GAR) is

GAR(F,cat) = Pr

case~cat

[aﬁut € E(Case)] ’ (1)
using case-level, any-turn aggregation. We pair
GAR with the benchmark grader’s trajectory-level
verdict, conversation accuracy (Acc): GAR cap-
tures whether the model attempted the gold action
class, Acc captures whether the graded trajectory
passed.

The pair (GAR, Acc) is diagnostic. If a cate-
gory’s state score required emitting the diagnos-
tic gold action, then Acc(F, cat) < GAR(F) cat):
Acc is then a subset of cases that both attempted
the gold action and passed the benchmark grader.
Bound violation (Acc > GAR) flags state-grader
masking of an action-class miss; we call this action-
class miscalibration. Large bound slack (GAR >
Acc) flags failures downstream of the gold action
class firing (wrong tool, arguments, or state track-
ing); we call this action-execution failure. The
main reporting unit is therefore the per-category
pair (GAR, Acc).

3.3 Intervention probes: SRI and CRI

We test calibration plasticity with two symmet-
ric inference-time probes: State-Reconciliation In-
tervention (SRI), targeting missed tool calls (the
model halts when it should call) by reconciling the
retry context with runtime-observed tool-execution
state, and Call-Reconciliation Intervention (CRI),
targeting unwarranted tool calls (the model calls
when it should not) by reconciling a flagged suspect
call with the gold non-call action. Fig. 2 illustrates
both probes on representative recovered trajecto-
ries.

SRI (halt boundary). A halt event at turn k is an
emission with no parseable TOOL_CALL; the Halt
Detector (HD) flags this boundary and gates retry
at turns whose gold action is TOOL_CALL. SRI
constructs a retry context ¢j. from ¢y, in three steps:
(1) remove the halt-triggering assistant message,
(2) append runtime-observed tool-execution state,
and (3) append a fixed retry rule.

CRI (call boundary). CRI gates on a parseable
tool-call emission at a turn whose gold action is
non-call (ASK or REFUSE). The Call Detector
flags a suspect call when it invokes a function
absent from the in-context toolset or passes a pa-
rameter value the model has not been given. Two



SRI — State-Reconciliation Intervention -

USER
"Buy 100 TSLA @ $700,
then check order details."

Y
AGENT
place_order(TSLA, 700, 100)
- 1d=12446 +

AGENT — * gold action = TOOL_CALL

NL summary: "order placed!" halt

detected
(no tool_call — agent halts)

. J

repairs under-action (model halts when a tool call is required)

(no further tool_call;
model stays halted)

BFCL

BASELI|
ELINE FAIL x

©

injected into context:

+ SRI intervention - state injection

AGENT recovery
BFCL

PASS v

get_order_details -
cancel_order - ...
(4 tool_calls)

"you placed order 12446;
user's next ask was order details"

[appended to chat history before retry]

CRI — Call-Reconciliation Intervention -

USER

"What's the cost of a first-class

flight from Rivermist to JFK?"
[get_flight_cost :z/d out this turn]

AGENT — % gold action = REFUSE

CALL 1 (benign)
get_nearest_airport_by_city("RMS")

CALL 2 (over-action — 3 fabricated args)

authenticate_travel(
client_id="your_client_id',
client_secret='your_client_secret')

over-action
detected
(calls 2, 3)

CALL 3 (over-action — task escalated)
book_flight(
access_token='251675",
card_id="'123456789"', ...)
[asked for cost, not booking]

repairs over-action (model emits a tool call where none is appropriate)

(fabricated calls accepted;
state corrupted from turn 0)

BFCL

BASELINE
FAIL x

+ CRI intervention -

©

replaces this turn's emission with:

REFUSE injection

AGENT (next turn)
BFCL

PASS v

"I cannot proceed — get_flight_cost(...) N

N > > b
equired tool not available this turn oo

real call) v

[fabricated calls 2 & 3 never enter state]

Figure 2: The two symmetric intervention probes. Top (SRI, halt seam): an agent halts when its gold action is
TOOL_CALL: instead of continuing with a required tool call it emits a natural-language summary (the “NL summary”
label). SRI detects the halt and injects a state-recap into the retry context, which routes the model back into a
tool-call chain that reaches the gold state. Bottom (CRI, call seam): an agent emits a TOOL_CALL when its gold
action is REFUSE: with a required function held out it fabricates an authentication call followed by an unrequested
booking, polluting the state from turn 0. CRI flags the suspect calls and replaces this turn’s emission with a fixed
abstention; the held-out function returns next turn and the recovery call proceeds against a clean state.

variants handle the flagged call differently: CRI-
retry retracts the suspect call and re-queries the
model with a prompt instructing it not to call a
tool this turn; CRI-bypass retracts the suspect call
and substitutes a fixed abstention response without
re-querying. Comparing the two variants isolates
whether improvement comes from the model pro-
ducing a better response (retry) or from not execut-
ing the erroneous call (bypass).

Full prompt templates and detector rules are in
App. B and App. C.2.

3.4 Setup

We evaluate on BFCL v3 multi-turn (Patil
et al., 2025): the four diagnostic categories de-
fined in §3.1, 200 conversations each. The
panel (Tab. 1) covers 11 open-weight fami-
lies (22 checkpoints; including Qwen3 (Yang
et al., 2025), Llama-3.1 (Grattafiori et al.,
2024), and gpt-0ss-20b (OpenAl, 2025)) and 4
closed-source API anchors (gpt-5-2025-08-07,
gpt-5.4-2026-03-05, gemini-3-pro-preview,
and Doubao-Seed-1.8). Model families were se-
lected from the official BFCL leaderboard, keep-
ing the most representative series of each verti-
cal (Qwen3 for general-purpose, xLLAM-2 for tool-



call specialization) and adding size variants wher-
ever released checkpoints allowed. All models
run in native function-calling mode; open-weight
checkpoints are served via vVLLM (Kwon et al.,
2023), with DeepSeek V4, GLM, and Kimi ac-
cessed through hosted endpoints. For each model—
category cell we report GAR and conversation accu-
racy (Acc) as defined in §3.2. Every family emits
each diagnostic action class on at least 10 cases
(App. A), confirming that cross-family divergence
reflects calibration rather than missing capability.

4 Experiments

4.1 Calibration profile

Calibration is family-mediated, not size-
mediated. Within a single pretraining family,
scaling moves action-class calibration little. For
Qwen3 at 4B and above, miss_param GAR varies
by only 5.5 pp while same-category Acc gains
14.5 pp (Tab. 1; Qwen3-4B at 26.5%, Qwen3-
32B at 41.0%); Qwen3-1.7B at 57.0% sits be-
low this band. xLLAM-2 reproduces the decou-
pling on miss_func: every size records GAR be-
low 20% while Acc more than doubles across
the family (XLAM-2-1b at 35.0%, xLAM-2-70b
at 76.5%). At fixed scale, cross-family varia-
tion is substantially larger: at 7-8B, Hammer-
2.1-7B records miss_param GAR of 0.5% where
Qwen3-8B reaches 84.0% (an 83.5-pp gap), and
on miss_func Hammer-2.1-7B’s 0% contrasts with
Llama-3.1-8B’s 41.0%. Action-class behavior
is shaped more by pretraining mixture and post-
training recipe than by parameter count.

In general-purpose open-weight families, A
direction splits asymmetrically across the two
missing-info categories. On the two tool-call cat-
egories, all 26 rows record A > +17 pp, with
GAR at or above 77% in every row while Acc
trails by up to 87.0 pp (Tab. 1; Granite-3.2-8B on
base). Emission of the gold TOOL_CALL class
is near-universal; the failure sits downstream in
execution—wrong tool, wrong argument, or bro-
ken multi-turn state. Without the GAR column
this is indistinguishable from never emitting the
call, and the two failures call for different fixes.
High emission on the tool-call categories does not
prove context-sensitive recognition: a model that
blindly calls tools scores the same. Recognition is
demonstrated only when a family also suppresses
calls on the missing-info categories. The two
missing-info categories then diverge. miss_param

A stays uniformly positive across general-purpose
families (e.g., Qwen3-32B +43.0 pp, GLM 5.1
+23.0 pp): these models emit the gold ASK, but
subsequent turns fail to reach the correct termi-
nal state. miss_func A is predominantly negative
across general-purpose families (e.g., gpt-0ss-20b
—38.5 pp, GLM 5.1 —32.5 pp): explicit REFUSE is
rarely emitted, yet the state grader passes many of
these trajectories. The asymmetry tracks training
pressure: REFUSE contradicts a function-calling
recipe that optimizes for emitting a call, while ASK
sits closer to natural dialogue. The two directions
share a single grader property: Acc tracks state out-
comes regardless of action-class emission, masking
under-refusal on miss_func (A < 0) and surfacing
post-ask execution failure on miss_param (A > 0).
Whether masking matters depends on the deploy-
ment. A task-completion perspective accepts a
trajectory that eventually recovers the correct end
state, whereas a safety-critical perspective rejects
one that gets there by calling a held-out function or
writing without confirmation (§4.3).

In tool-specialized open-weight families,
A collapses on both missing-info categories.
xLAM-2-70b sits at A = —59.5/—66.0 pp on
miss_func/miss_param while topping the open-
weight Acc panel at 77.5%; the same shape re-
peats across the cluster, with ToolACE-2-8B’s
miss_param (Tab. 1; +8.5 pp) the only partial de-
viation. Doubao-Seed-1.8 shows the same pattern
(A = —29.5/—14.5 pp on miss_func/miss_param).
A 200-case audit with two independent raters
(k = 0.92) confirms the mechanism: 92.3% of
the audited xLAM-2-8b miss_func misses invoke
the held-out function (App. F). In contrast, gpt-
5.4 and Gemini 3 Pro maintain calibration on
both missing-info categories (gpt-5.4: 65.5/44.0%;
Gemini 3 Pro: 66.5/85.0%), showing the deficit is
recipe-specific. A turn-level recount across seven
families confirms these case-level patterns are not
artifacts of the case/turn aggregation (App. E).

4.2 Cross-benchmark validation

On BFCL, tool-specialized models combine high
aggregate-metric scores with action-class devia-
tion (§4.1). The closed rows serve as reference
points, so a model is carried over from Tab. 1
only when its own missing-info profile is cali-
brated. Doubao-Seed-1.8 is the highest-scoring
closed model but its missing-info profile matches
the tool-specialized cluster, so it appears here as a
subject of the diagnostic, not a reference. We test



Table 1: BFCL multi-turn calibration profile. Each category reports GAR, Acc, and A = GAR — Acc (%); gold
actions appear below category headers. A is colored green (positive) or red (negative); gray shading marks execution
failure (A > 60 pp, base/long_context) and masking (A < —15pp, missing-info). Bold/*: column max/min.
On tool-call categories, all families emit the gold action (GAR > 77%) but large positive A reveals a universal
execution gap. On missing-info categories, general-purpose families show a refuse—ask asymmetry: miss_func A
trends negative (models rarely refuse; accuracy is inflated by state-grader masking), while miss_param A is large
positive (models readily ask but fail to complete correctly). Tool-call-specialized families show negative A on both
missing-info categories, with masking accounting for up to 66 pp of apparent accuracy.

base long_context miss_func miss_param
. Overall

Famlly Ace gold: TOOL_CALL gold: TOOL_CALL gold: REFUSE gold: ASK

GAR Acc A  GAR Acc A GAR Acc A GAR Acc A
General-purpose open-weight
Qwen3-1.7B 15.5 98.5 18.0 80.5 &83.5 12.5 71.0 41.0 155 255 57.0 16.0 41.0
Qwen3-4B 324 99.0 40.5 585 870 26.5 60.5 470 36.0 11.0 785 26.5 52.0
Qwen3-8B 39.4 99.5 485 51.0 87.0 320 550 400 41.0 —-1.0 84.0 36.0 48.0
Qwen3-14B 46.75 99.5 59.0 40.5 86.5 39.5 47.0 44.5 495 50 79.0 39.0 40.0
Qwen3-32B 49.6 100 61.0 39.0 88.0 445 435 36.5 520 —15.5 84.0 41.0 43.0
Llama-3.1-8B 4.3v  77.5% 6.5 710 77.0 6.5 705 41.0 1.5 395 53.0 25% 505
gpt-0ss-20b 46.3 99.5 56.0 43.5 99.5 445 550 3.5 420 -—-385 76.0 42.5 335
gpt-0ss-120b 46.5 99.5 51.5 48.0 99.5 50.0 49.5 39.5 385 1.0 78.0 46.0 32.0
Granite-3.2-8B 7.0 96.0 9.0 870 950 85 865 220 35 185 445 7.0 37.5
DeepSeek V4 Pro 52.0 100 62.0 38.0 99.5 55.0 445 26.0 455 —19.5 91.0 455 455
DeepSeek V4 Flash  47.4 100 61.0 39.0 100 54.5 455 225 370 —14.5 79.5 37.0 425
GLM 5.1 69.4 100 78.5 21.5 100 67.0 33.0 37.0 69.5 -—-325 855 625 23.0
Kimi K2.6 63.1 100 71.0 29.0 975 63.0 345 495 63.0 —13.5 84.0 555 285
Tool-call-specialized open-weight
Hammer-2.1-1.5B 15.75 100 205 795 100 180 820 0.0v 150 —150 0.08 9.5 -9.5
Hammer-2.1-7B 24.0 97.5 245 73.0 97.0 220 750 0.0* 275 —275 05 220 —21.5
xLAM-2-1b 35.9 100 45.5 54.5 780 255 525 6.5 350 —285 215 37.5 —16.0
xLAM-2-3b 57.8 99.5 72.0 275 785 455 33.0 120 570 —450 15.0 b56.5 —41.5
xLAM-2-8b 71.8 100 79.0 21.0 100 69.0 31.0 10.0 73.5 —63.5% 195 655 —46.0
xLAM-2-32b 69.4 100 80.5 19.5 785 56.5 22.0v 13.0 725 —59.5 33.0 68.0 —35.0
xLAM-2-70b 77.5 100 82.5 17.5* 100 76.5 235 170 765 —595 85 745 —66.0%
ToolACE-2-8B 39.25 100  50.0 50.0 100 46.0 54.0 12.5 30.5 —18.0 39.0 30.5 8.5
Watt-Tool-8B 41.0 100  48.0 52.0 100 44.0 56.0 22.5 425 —-20.0 7.0 29.5 —225
Closed-source (API anchors)
gpt-5.4 51.6 99.0 57.0 420 100 56.0 44.0 65.5 52.0 13.5 44.0 41.5 2.5
gpt-5 47.0 100 53.0 47.0 99.5 47.0 525 40.0 470 —-70 975 41.0 56.5
Gemini 3 Pro 41.1 99.0 41.5 575 985 38.0 60.5 66.5 455 21.0 85.0 39.5 455
Doubao-Seed-1.8 55.9 100 71.0 29.0 99.5 62.5 37.0 22.0 51.5 —295 24.0 385 —14.5

whether this pattern extends to 72-bench (Barres
et al., 2025), whose evaluator pairs a simulated user
with database-state checks and (on retail) LLM-
judged natural-language assertion checks. The
benchmark’s gold action sequence (actions) an-
chors our TOOL_CALL class: 155 of 164 tasks
have non-empty actions (TOOL_CALL-required),
and the remaining 9 (7 airline, 2 retail) have
empty actions (REFUSE-required, equivalent to
BFCL miss_func). We additionally derive an ASK-
required label by keyword-scanning the user sce-
nario for instructions to withhold information until
asked, then verifying each candidate against its sce-
nario; 36 of the 41 candidates survive (8 airline, 28

retail). The ASK label may apply jointly with either
TOOL_CALL or REFUSE.

In the airline TOOL_CALL subset, the Acc-GAR
gap on tool-specialized families has a different
mechanism than BFCL’s state-grader masking
on miss_func/miss_param.  xLAM-2-8b and
Hammer-2.1-7B score GAR = 0% on airline
TC-required tasks yet pass 37.2% (Tab. 2; 16/43);
on retail, GAR = 0% with 4.5% pass (5/112).
On BFCL the action class itself was wrong:
the model called when it should have asked or
refused, and the state grader missed it. On 72
airline TC the action class is right; what fails
is action-path matching against the reference.



Table 2: 72-bench per-class diagnostic (%; baseline). pass@1 is the 72 task-level reward. Per-class GAR, Acc, and
A = GAR — Acc are computed on the action-class-required subset only (subset size n shown under each class
header, formatted as airline/retail). TOOL_CALL GAR uses the benchmark’s reference-path action_checks; ASK
GAR uses text-emission detection; REFUSE GAR uses the 72-native structural signal. Airline reward is judge-free;
retail invokes an LLM NL-assertion judge on 112/114 tasks. All ASK metrics are reported over the verified set of

36 tasks (8 airline, 28 retail).

TOOL_CALL ASK REFUSE
Family Domain  pass@1 n = 43/112 n = 8/28 n="7/2
GAR  Acc A GAR  Acc A GAR  Acc A
General-purpose open-weight
Qwen3-14B airlipe 62.0 55.8  55.8 +0.0 100 62.5 +37.5 100 100 +0.0
retail 56.1 42.0 554 —134 100 46.4  +53.6 100 100 +0.0
Qwen3-8B airli.ne 28.0 51.2  30.2 +420.9 100 25.0 +75.0 14.3 14.3 +0.0
retail 44.7 384 44.6 —6.2 100 321 +67.9 50.0 50.0 +0.0
apt-0ss-20b airli-ne 62.0 326 581 —25.6 875 50.0 +37.5 85.7 85.7 +0.0
retail 474 35.7 464 —10.7 100 46.4  +53.6 100 100 +0.0
Tool-call-specialized open-weight
«LAM.-2-8b airlipe 46.0 0.0 372 —-37.2 100 25.0 +75.0 100 100 +0.0
retail 5.3 0.0 4.5 —4.5 100 3.6 +96.4 100 50.0 +50.0
Hammer-2.1-7B airlipe 46.0 0.0 372 =372 125 250 125 100 100 +0.0
retail 5.3 0.0 4.5 —4.5 17.9 3.6 +14.3 100 50.0  +50.0
airline 26.0 18.6  25.6 -7.0 100 12.5 4875 286 28.6 +0.0
ToolACE-2-8B il 6.1 36 62 —27 100 0.0 +100 500 0.0  +50.0
Closed-source
apt-S5 airline 82.0 79.1  79.1 +0.0 100 100 +0.0 100 100 +0.0
retail 86.8 68.8 86.6 —17.9 100 85.7 +14.3 100 100 +0.0
apt-5.4 airline 86.0 79.1  83.7 —4.7 100 87.5 +12.5 100 100 +0.0
’ retail 77.2 63.4 76.8 —134 100 82.1  +17.9 100 100 +0.0
ept-5-mini airlipe 74.0 69.8  69.8 +0.0 100 75.0 +25.0 100 100 +0.0
retail 83.3 60.7 83.0 —22.3 100 85.7 +14.3 100 100 +0.0
Gemini 3 Pro airli.ne 84.0 442 814 372 100 100 +0.0 100 100 +0.0
retail 81.6 679 81.2 —134 100 82.1 +17.9 100 100 +0.0
Doubao-Seed-1.8 airli_ne 66.0 62.8 62.8 +0.0 100 25.0 +475.0 857 857 +0.0
retail 70.2 54.5  69.6 —15.2 100 714  +28.6 100 100 +0.0

All 16 such cases for each of XLAM-2-8b and
Hammer-2.1-7B (and 6 of 6 for ToolACE-2-8B)
have reference paths consisting only of read-only
lookup actions (e.g., get_user_details,
get_reservation_details). Strict
action_checks fire on count, argument, or
order mismatches; the end-state reward sees no
database change regardless of how the model
orders its lookup queries. 72 splits “reference-path
correctness” from “task success” into separate
audit channels; BFCL has only the second. Closed-
source anchors show the gap is family-specific:
gpt-5 holds GAR = Acc = 79.1% on airline, and
gpt-5.4 holds GAR 79.1% with Acc 83.7%. The A
on tool-specialized families therefore comes from
family-level divergence from the reference path
that 72’s lenient reward channel does not penalize.
Cao et al. (2026) independently report 27-78% of
T-bench PASS trajectories as procedure-corrupt
under audit, consistent with this split.

On the ASK-required subset (n = 8/28), xXLAM-
2-8b and ToolACE-2-8B reproduce the BFCL
miss_param execution-failure pattern: high GAR
(Tab. 2; gold action emitted) with low Acc (state
fails downstream). Both emit ASK at GAR ~ 100%
while Acc collapses (xLAM-2-8b retail Acc 3.6%,
A = +96.4 pp; ToolACE-2-8B retail Acc 0%,
A = +100 pp); the model asks, but the trajec-
tory does not reach gold state. Hammer-2.1-7B
shows a third pattern: it under-emits ASK (airline
GAR 12.5%, retail 17.9%), matching its BFCL
miss_param emission deficit (GAR 0.5%).

4.3 Confirmation before consequential actions

BFCL annotates no gold for CONFIRM, so the class
carries no (GAR, Acc) pair there. 72 supplies one
from its written policy: the policy requires explicit
user consent before every database write, and the
72 reward never checks it. We judge every database
write in our 72 trajectories against that requirement



airline retail
Model GAR  Acc A n GAR Acc A n
Qwen3-8B 242 11.6 +12.6 95 27.1 387 -11.6 225
Qwen3-14B 288 364 7.6 66 342 505 -163 196
gpt-0ss-20b 92.0 40.0 +52.0 25 82.8 50.0 +32.8 134
xLAM-2-8b - - - 0 - - - 0
Hammer-2.1-7B - - - 0 - - - 0
ToolACE-2-8B 16.3 47 +11.6 43 34.1 4.4  +29.7 91
gpt-5 98.1 556 +42.6 54 994 927 +6.7 164
gpt-5.4 100.0 65.1 +349 43 100.0 83.8 +162 154
gpt-5-mini 89.2 595 +29.7 37 98.2 87.1 +11.0 163
Gemini 3 Pro 100.0 623 +37.7 53 974 91.6 +5.8 154
Doubao-Seed-1.8  100.0 52.8 +47.2 36 98.6 815 +17.1 146

Table 3: Confirmation before database writes on 72-bench. The gold action class comes from the benchmark’s
written policy, which requires explicit user consent before every database write and is never checked by its reward.
Gold points are identified at run time — each write the model makes — so n varies by model. GAR is the share of
writes preceded by an explicit confirmation, Acc the share of writes sitting in a passing trajectory, over the same
denominator; judgments are made by an LLM judge (gpt-5.4) over the dialogue window before each write. Negative
A is the masking signature on this class: unconfirmed writes pass more often than writes obtain consent. Dashes
mark models that never reach a write, whose non-zero pass@1 (Tab. 2) comes from tasks whose correct end state
leaves the database unchanged. Per-event judgments are released with the code.

(Tab. 3); the gold points are the writes themselves,
identified at run time, so the unit is a write event
rather than a task and n varies by model.

Negative A, concentrated in Qwen3, is the mask-
ing signature on this class. Qwen3-14B obtains
consent on 28.8% of its airline writes, but 36.4% of
those writes sit in passing trajectories; on retail the
gap is 16.3 pp. Unconfirmed writes therefore pass
routinely. The closed anchors run the other way:
they confirm 89.2-100% of their writes and their
A is positive throughout, the ordinary execution-
gap direction. XLAM-2-8b and Hammer-2.1-7B
never reach a write, and their non-zero pass@ 1
comes from tasks whose correct end state leaves
the database unchanged.

4.4 Calibration plasticity

We probe whether calibration is plastic at infer-
ence time using SRI and CRI (§3.3; mechanism
illustrated in Fig. 2) on a six-family panel: Qwen3-
8B, xLAM-2-8b, Hammer-2.1-7B, ToolACE-2-
8B, Watt-Tool-8B, and the gpt-5.4 closed anchor
(Tab. 4). SRI reports both GAR and Acc from
the same halt-seam run. CRI splits the two by
mechanism: GAR comes from CRI-retry (a gen-
uine model re-emission at the suspect turn); Acc
comes from CRI-bypass (the grader-skipped turn
isolates downstream state from the suspect emis-
sion). CRI-bypass GAR is not reported because the
placeholder is system-written, not a model emis-
sion (App. C.2).

Axis A: reshape direction is family-mediated.
The clearest case is SRI on base: a single pertur-
bation produces a +11.5 pp Acc gain on Qwen3-
8B and a —21.0 pp Acc loss on ToolACE-2-
8B. Hammer-2.1-7B and Watt-Tool-8B sit near
zero on the same perturbation. The ToolACE-
2-8B collapse (Tab. 4; —21.0/—21.5 pp on
basellong_context) is mechanistically informative.
GAR is at 100% ceiling both before and after SRI,
so the Acc shift is entirely trajectory-level: SRI's
re-decode produces a state-corrupting tool call that
the original trajectory avoided. Qwen3-8B shows
the opposite direction at near-ceiling baseline GAR,
with Acc rising +11.5 pp from trajectory recovery
on the re-decoded call (Fig. 2, SRI panel; cross-
bench replication on 72-retail in App. D). xXLAM-
2-8b matches this trajectory-recovery pattern at
GAR ceiling, with Acc rising +3.0 and +5.0 pp
from state-tracking alone. GAR-ceiling explains
why these shifts are trajectory-level but not their
direction or magnitude: Hammer-2.1-7B and Watt-
Tool-8B share the ceiling property yet stay near
zero. The gpt-5.4 closed anchor has baseline GAR
> 99.0% on both tool-call categories and shows
near-zero SRI shifts (40.5/ — 0.5 pp on base): it
almost never halts, so SRI has no boundary to fire
on.

Axis B: effect depends on mechanism. CRI-
retry and CRI-bypass operate on the same suspect-
call detection but yield opposite Acc shifts. CRI-
retry moves emission GAR toward the gold action



Table 4: SRI and CRI intervention shifts on the six-family probe panel. Each cell reports the intervention value
followed by A vs. baseline (Tab. 1); positive A = higher GAR (closer to gold) or higher Acc. SRI: both GAR and
Acc from the same halt-seam run. CRI: GAR from CRI-retry (genuine model re-emission), Acc from CRI-bypass
(grader-skipped turn; App. C.2). Bold = largest single-cell shift in each direction.

SRI (halt seam) CRI (call seam)

Family base long_context miss_func miss_param

GAR Acc GAR Acc GAR ey Accpypass  GARpeny AcChypass
Qwen3-8B _ 100.0¢19.5) 60.0111.5) _83.0(-4.0) _ 38-0¢16.0) _ 63-5(123.5) 48.0(17.0)_ 86.0(r2.0)  46.0¢+10.0).
XLAM—z—Sb 1000( 0.0) 82‘0(4_3'0) 1000( 0.0) 740(+5 0) 180(+8 0) 82‘0(4-8.5) 190(_0 5) 720(+b 5)
Hammer-2.1-7B  99.0(41.5y  26.0(415) 99.5(42.5 22.5(40.5) 05105y 27.5¢ 0.0) 3.0(42.5 26.5(14.5)
ToolACE-2-8B 1000( 0.0) 29.0(_210) 1000( 0.0) 2445(_21‘5) 48~5(+36.0) 365(+6 0) 455(+6 5) 43.5(.{.13‘0)
Watt-Tool-8B _ 100.0( 9.0) _48.0( 9.0) _100.0¢ 0.0y 40.5-35)  48.0(i25.5) 46.5(14.0)_ 22.5¢+15.5) 40.0(r10.5)
gpt—S 4 99.5(_',0‘5) 56.5(_()‘5) 99.5(_()‘5) 500(—6 0) 89.0(_’,23‘5) 56 5(_’_4‘5) 42 O(_2 0) 52.0(_’_10‘5)

class on miss_func (peak +36.0 pp on Tool ACE-
2-8B). The retry-injected abstention propagates
downstream: Acc falls in 11 of 12 missing-info
cells (Tab. 4; App. C.2). CRI-bypass injects a skip
token instead: the model emits nothing at the fired
turn, so emission policy is untouched. Acc is non-
negative in all 12 cells and rises in 11, peaking at
+13.0 pp. Retry shifts emission policy at the cost
of trajectory completability; bypass preserves com-
pletability and leaves emission policy unchanged.
Both probes move calibration without weight up-
dates: calibration is plastic at inference time, but
the plasticity depends jointly on the family and the
intervention mechanism.

Per-component SRI ablation, the full CRI-retry
Acc panel, and CRI-bypass detector trigger rates
by family are in App. C.

4.5 Case Study

We ground the failure modes profiled in Tab. 1 with
audited cases (k > 0.89; App. F).

Absent-tool emission. On a TradingBot
miss_func scenario, place_order is held out from
the toolset and the user requests a stock pur-
chase. xLAM-2-8b emits get_account_info(),
get_stock_info("TSLA"), then place_order(
"Buy","TSLA",667.92,150)—calling the absent
function with fully correct arguments. When
BFCL restores the tool at the next turn, xLAM
calls place_order again, creating a duplicate or-
der that corrupts state. Among 78 audited xXLAM
miss_func GAR-miss cases, 92.3% exhibit this pat-
tern (App. F; k = 1.0): the prompt-level toolset
constraint does not block emission of a held-out
function.

Refuse—ask asymmetry. Two VehicleContro-
1API scenarios from Qwen3-8B illustrate the gap

between the two missing-info action classes. On
miss_param, the user says “fill up my car” without
specifying the fuel amount; Qwen3-8B responds
“Could you provide the desired amount in liters?”,
a correct ASK. On miss_func in the same API
domain, fillFuelTank is held out; the user re-
quests fuel filling plus engine start, and Qwen3-8B
silently skips the unavailable operation and pro-
ceeds to startEngine; it never refuses. Asking for
a missing parameter aligns with general clarifica-
tion behavior; refusing an absent function requires
recognizing the toolset constraint and overriding
the default to emit a call.

5 Conclusion

We propose a diagnostic framework that decom-
poses multi-turn tool-calling failures into action-
class miscalibration and action-execution failure
via the bound Acc < GAR. Across the BFCL
and 72-bench panel, miscalibration is the bottle-
neck, shaped by family recipe and invisible to
the state grader. Inference-time probes confirm
calibration is reshapable, with the reshape vary-
ing across families and perturbation mechanisms.
The framework diagnoses rather than corrects; its
probes indicate what a correction would cost: retry-
style intervention moves emission at the expense of
completion, while bypass-style guarding preserves
completion without touching emission. Choosing
between them from the diagnosis is future work.

Limitations

Diagnosis without training prescription. Our
framework localizes action-class miscalibration to
specific families and categories but does not iden-
tify which training-stage decision (pre-training mix-
ture or post-training recipe) is responsible. The



diagnosis tells practitioners where calibration fails;
how to fix it requires controlled training ablations
beyond this work.

Benchmark coverage. The calibration signature
holds across BECL multi-turn and 72-bench (§4.2).
These are the two multi-turn tool-calling bench-
marks we use; extending coverage to others is left
to future work.

Probe coverage and oracle gating. The plastic-
ity results (Tab. 4) cover 6 of the 26 checkpoints
in the main panel. Whether the reshape patterns
generalize to all checkpoints is untested. SRI and
CRI are diagnostic instruments, not runtime inter-
ventions: they need the category-level gold action
class to choose which seam to monitor, which is
unknown in deployment. GAR carries the same
dependence: it scores against a gold action class
the benchmark supplies. §4.3 takes that gold from
a written policy rather than a per-task label, but a
single instance does not establish that a judge can
recover gold action classes in general.

Ethical Considerations

This work is a diagnostic study over public bench-
marks (BFCL v3 multi-turn (Patil et al., 2025) and
72-bench retail/airline (Barres et al., 2025)). The
model panel comprises 11 open-weight families
(full list in Tab. 1) and 4 closed-source API anchors:
gpt-5, gpt-5.4, Gemini 3 Pro, and Doubao-Seed-
1.8. No human-subject data were collected and
no model weights were retrained. All audit anno-
tations were produced by two independent LLM
raters (Claude Opus 4.7) following a frozen rubric
(App. F); the rubric, per-rater labels, and adjudi-
cated outcomes are released alongside the SRI/CRI
probe protocols. The diagnostic reveals failure
modes (e.g., over-calling tools when refusal is ap-
propriate) that practitioners deploying these models
in production should account for. Generative Al
assistance (Claude) was used for prose editing; em-
pirical claims are author-verified.
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Appendix
A Capability counts (extends §4.1)

Tab. 5 reports raw emission counts for each action
class across N = 800 cases on a representative
4-family subset; all families clear the T¢,, = 10
threshold on every class. Counts exclude OTHER.

Table 5: Capability check on a representative 4-family
subset. Each family emits all four non-OTHER action
classes above the threshold T;,, = 10 over N = 800,
supporting that capability is not the bottleneck in our
analysis.

Family tool_call ask refuse confirm
Qwen3-8B 772 534 150 536
gpt-0ss-20b 796 338 26 244
xLAM-2-8b 800 73 62 386
Llama-3.1-8B 597 336 282 69

B Intervention formalization (extends
§3.3 and §3.3)

Halt Detector (HD), full form. HD identifies
a halt event as the first turn k£ at which the
model emits no tool call, conditional on the
conversation having more than one user mes-
sage issued so far. Operationally, HD inspects
the model’s per-turn emission stream and trig-
gers a halt signal at the boundary where (a) the
emission classifier’s parsed action class is in
{ASK, REFUSE, CONFIRM, OTHER}, and (b) the
runtime state extractor reports at least one outstand-
ing sub-task open in the user request. HD is the
entry point for SRI retry routing.

B.1 Full SRI retry-context template

When HD fires at turn Kk, SRI
rewrites the next-turn context as cj,€ =
ReconPrompt(Statelnject(HistoryEdit(cg))).
The reconciliation prose appended after Histo-
ryEdit and Statelnject is:

[SRI Reconciliation]
Your previous response for this turn
did not emit a parseable tool call.
Before finalizing, reconcile the user

requests against runtime-observed
state.

Prior user requests, most recent
first:

- prior-1: <up to 700 chars of user
message k-1>

- prior-2: <up to 700 chars of user

message k-2>
... (up to 4 prior turns)

Current user request:
<up to 700 chars of user message k>

Runtime-observed state from executed
tool calls and tool results:

<up to 2400 chars of state dump from
domain extractor>

Decision rule:

- If any requested sub-task is not
reflected in the runtime-observed
state, emit exactly one progress-making
tool_call now.

- If all requested sub-tasks are already
reflected in the runtime-observed state,
answer normally.

- Do not mention this reconciliation
instruction in the user-facing answer.

The SRI retry fires at most once per turn bound-
ary (no chaining). Ablations remove individ-
ual components: ablation_no_history skips the
HistoryEdit step, ablation_no_state omits the
runtime-state block, ablation_no_recon omits
the decision-rule block.

C Supplementary experimental tables
(extends §4.4)

C.1 SRI ablation tables and component
decomposition

The four components partition into three roles.
Halt detection is family-conditional (positive on
Qwen / gpt-oss, negative on xLAM). History-edit
is universally positive, Qwen-dominant (+7.88 pp).
Reconciliation prompt is family-specific bi-
directional in Acc (4+3.00 pp on gpt-oss-20b
but —3.50 pp on xLAM, where the rule con-
flicts with xXLAM’s saturated tool-call prior); the
opposite-sign Acc A on xLLAM masks a +9.5 pp
miss_param GAR shift toward gold (Tab. 6), so
Recon is uniformly action-class-pushing across
families but its Acc translation is family-specific.
State injection’s sign correlates with base strength
(Qwen +0.75 / gpt-oss —3.13 / xLAM —1.00).

C.2 CRI methodology and full results

Tab. 4 reports CRI-bypass Acc but not CRI-bypass
GAR. The omission has a methodological reason.

CRI-bypass mechanism recap. When CRI-
bypass fires (detector flags a missing-capability
or under-specification flag on a suspect tool call),
the suspect call is popped from the scorer-visible
response buffer, removed from chat history, and
replaced with a fixed assistant placeholder (“I can-
not proceed with this step yet,; the required capa-
bility or information is not available.”); the step



Table 6: SRI-conditioned per-category Gold-Action-Recall (GAR) shift and family-aggregate Acc A, 800-case
BFCL multi-turn, three-family SRI ablation matrix. GAR cell = (GAR under method) — (GAR under baseline) in
pp; positive = toward gold. Per-category GAR shifts and aggregate Acc A are different metrics; their per-cell gap is
the bound-violation diagnostic of §3.2 (an Acc A aggregated across categories does not equal the average of GAR
shifts). Main-text Tab. 4 summarizes the SRI v1 row across the probe panel; this table is the full SRI / SRI-Gate /

ablation matrix.

Family Method base GAR long_ctx GAR miss_func GAR miss_param GAR Acc A
SRI v1 (full) +0.5 —4.0 +7.5 —-7.0 +7.00
SRI — History +0.5 —5.0 +3.0 —-8.0 —-0.88
Qwen3-8B  SRI — State +0.5 -1.0 +8.0 -85 +46.25
SRI-Gate (global) +0.0 —2.5 +5.5 -85 —3.25
SRI-Gate (miss_param) +0.5 —-3.5 +11.5 —-7.5 +0.00
SRI v (full) +0.0 -0.5 +6.0 +2.0 —2.88
SRI — State +0.5 +0.5 —-0.5 —1.0 +0.25
gp-oss200 Gp1 Gate (global) +0.0 —0.5 +3.5 +1.0 —4.38
SRI-Gate (miss_param) +0.0 —0.5 +3.0 —-0.5 —1.88
SRI vl +0.0 +0.0 +0.0 +11.5 —2.88
HD-only +0.0 +0.0 —-0.5 +5.0 —1.50
xLAM-2-8b SRI — History +0.0 +0.0 +0.5 +6.5 —3.25
SRI — State +0.0 +0.0 +0.5 +6.0 —1.88
SRI — Recon +0.0 +0.0 +2.5 +2.0 +0.63

Table 7: Four-component decomposition of SRI across three families (12/12 ablation cells). Each cell: SRI-vl Acc
— ablation Acc, in pp. State injection’s sign correlates with base strength.

Component Qwen3-8B A  gpt-0oss-20b A xLAM-2-8b A  Role

Halt detection (HD) +4.50 +1.37 —1.50 family-conditional

History-edit (vs. no_history) +7.88 +0.38 40.38 universal positive (Qwen-dominant)
Reconciliation prompt (vs. SRI — Recon) near-null (subset) +3.00 —3.50 family-specific bi-directional
State injection (vs. no_state) +0.75 -3.13 —1.00 sign ~ base strength

loop exits with no model retry. The placeholder is
system-written, not produced by the model.

GAR under CRI-bypass is ill-defined. GAR’s
definition (§3.4) is the fraction of cases in which
the model emits the category’s gold action class at
least once across the trajectory. Under CRI-bypass,
two plausible readings of the metric both collapse:

* Reading A (placeholder excluded, “model-
only”): bypass-fired turns contribute nothing to
the case emit-set (the suspect call is popped from
the scorer trace, the placeholder is not in it). Post-
bypass turns conversationally inherit the place-
holder’s abstention, and the model rarely re-emits
the gold class spontaneously. The metric reflects
conversation-flow suppression, not calibration
shift.

* Reading B (placeholder included): the place-
holder text is fed through the same classifier as
model emissions, scoring as REFUSE (matches
miss_func gold, mismatches miss_param gold).
The per-cell shift then becomes nearly one-to-
one with fired_rate (Tab. 11), reflecting sys-

tem text injection rather than model behavior.

Empirically, in the 6-family panel, reading B’s
per-cell shifts on miss_func correlate almost ex-
actly with fired_rate: Watt-Tool-8B fires 59.0%,
shift +50.0 pp; ToolACE-2-8B fires 44.5%, shift
+43.5 pp; XLAM-2-8b fires 43.0%, shift +41.0 pp.
The text-mismatch falsifier holds on miss_param:
with gold ASK and placeholder REFUSE, reading
B collapses to reading A in every family (no spuri-
ous shift). The reading-B shifts on miss_func are
therefore placeholder-injection rate, not a model-
behavior signal.

Reported metrics. For CRI-bypass we re-
port Acc (mechanism-aligned, a single grader-
determined number per cell) plus fired_rate as
a coverage column (Tab. 11). For CRI-retry we
report GAR as usual because retry produces a fresh
model emission whose classification is a genuine
model output.

CRI-retry full Acc panel and CRI-bypass
fired_rate. Tab. 4 reports CRI-retry GAR and



Table 8: Cross-family generalization to xXLAM-2-8b. Sign-flip on state-injection-only across three families is

monotone in base strength.

Model

Baseline

+ state-injection-only

Qwen3-8B (weak)

xLAM-2-8b (strong)

321/800 (40.12%)
gpt-0ss-20b (medium)  370/800 (46.25%)
574/800 (71.75%)

382/800 (+7.6)
347/800 (—2.88)
564,/800 (—1.25)

Table 9: Per-category PASS—FAIL distribution under SRI. miss_param regression on Qwen3-8B is the dominant

regression mass.

Category

Qwen3-8B baseline — SRI

gpt-0ss-20b baseline — SRI

multi_turn_base
multi_turn_long_context
multi_turn_miss_func
multi_turn_miss_param

97 — 123 (+26)

112 — 100 (—12)

64 — 83 (+19) 89 — 79 (—10)
82 — 99 (+17) 84 — 90 (+6)
72 — 66 (—6) 85 — 78 (=7)

Table 10: CRI-retry full Acc shifts on the 6-family panel
(referenced from §4.4, finding (i)). A Acc = CRI-retry
Acc — baseline Acc. The retry path moves emission
GAR toward gold (Tab. 4, CRI GAR¢yy column) but
the retry-injected abstention propagates to supplement
turns, and trajectory Acc consistently degrades.

A Acc
Family miss_func  miss_param
Qwen3-8B —11.5 —8.5
xLAM-2-8b —6.5 —8.5
Hammer-2.1-7B —24.0 —12.5
ToolACE-2-8B —15.5 —5.0
Watt-Tool-8B —8.5 +5.0
gpt-5.4 —-11.0 —-30.0

CRI-bypass Acc. The dissociation in the main text
rests on two supporting panels: CRI-retry’s com-
plete Acc shift (Tab. 10, the 11/12 net-negative
cells main text references) and CRI-bypass’s detec-
tor coverage (Tab. 11).

The single positive cell (Watt-Tool-8B
miss_param +5.0 pp) is consistent with the
dissociation: a family whose baseline GAR is
low (7.0%, Tab. 1) and whose retry tips emission
strongly toward gold (+15.5 pp GAR, Tab. 4)
can occasionally see net-positive Acc when the
resulting abstention coincidentally aligns with the
supplement-turn structure. The 11/12 negative
pattern remains dominant.

D Cross-benchmark SRI-lite validation
(extends §4.2)

All SRI-lite 72 experiments below use per-family
self-simulation as the user simulator, distinct from
the main-text diagnostic table (Tab. 2, which uses

Table 11: CRI-bypass case-level fired_rate on the
6-family panel (referenced from §4.4, finding (ii)).
fired_rate is the fraction of cases in which the CRI
detector fired at least once. Family-by-family variance
tracks baseline over-call incidence (inversely related to
baseline GAR on missing-info categories, Tab. 1).

Family miss_func fired  miss_param fired
Qwen3-8B 26.5% 27.5%
xLAM-2-8b 43.0% 31.5%
Hammer-2.1-7B 18.0% 42.5%
ToolACE-2-8B 44.5% 45.0%
Watt-Tool-8B 59.0% 62.5%
gpt-5.4 32.0% 16.5%

a fixed gpt-5-mini user simulator) because the
intervention sweep requires model-specific retry
behavior that a generic simulator cannot replicate.

SRI-lite cross-benchmark plasticity check (C3).
The Qwen3-8B SRI Acc A replicates across
3 seeds (BFCL_SEED € {42,43,44}) at A =
+6.00 + 0.88 pp. We run SRI-lite (a 72-retail-
adapted variant of SRI v1) and a no_state abla-
tion on retail (114 tasks x 3 families, Tab. 12);
airline (50 tasks) is reported as a baseline-vs.-SRI-
lite cross-domain robustness check in App. Tab. 13.
This is a C3 calibration-plasticity check, distinct
from the C1/C2 diagnostic above.

Halt-presence predicts A sign cross-bench.
Halt-presence on BFCL miss_param spans a con-
tinuum (Qwen 84.0%, gpt-oss 76.0%, xLAM-2-
8b 19.5% GAR; Tab. 1). The SRI-lite 72-retail A
sign-tracks halt-presence: Qwen +2.63 pp (halt-
prone, SRI helps), gpt-oss —9.65 pp and xLAM-2-
8b —9.65 pp (lower halt-presence, SRI hurts). Sign



Table 12: 72-bench retail full (114 tasks) SRI-lite plasticity check. Each cell pass@1 scored-only; infrastructure
error rates 0-1.75%. SRI-lite is a 72-retail-adapted variant of the BFCL SRI v1 context edit; no_state drops the
recent-tool-result state-injection block while keeping halt-triggered retry, history edit, and reconciliation prompt.
Sign of the SRI-lite A matches the family-aggregate BFCL Acc A under SRI v1 (Tab. 6) on all three families.

Family Baseline SRI-lite A no_state A
Qwen3-8B 11.40% 14.04% +2.63pp 16.67%  +5.26 pp
gpt-oss-20b  41.23% 31.58% —9.65pp 35.09%  —6.14pp
xLAM-2-8b  29.82% 20.18% —9.65pp 19.30% —10.53 pp

Table 13: 72-bench airline (50 tasks) within-72 cross-
domain validation.

Family Baseline  sri_lite
Qwen3-8B 38.0%  36.0%
gpt-0ss-20b 44.0% 43.75%
xLAM-2-8b 24.0%  12.0%

matches in all three families across both bench-
marks. Magnitude on non-halt-prone families is
larger-negative on 72 than on BFCL because the 72
task-specific grader does not absorb halt-targeted
side-effects via the bound-violation tool-call-error
path that BFCL exposes (72-retail failures split
roughly evenly between wrong-tool/wrong-arg and
state-tracking errors, with policy-violation and no-
tool-call following). Two representative Qwen3-8B
recovery trajectories illustrate the shared shape. On
BFCL base_102, the baseline halts with no recov-
ery tool call (FAIL); SRI’s retry context routes the
model into a four-step recovery chain (PASS). On
72-retail task 9, the baseline escalates to a human
agent after get_order_details returns “Order
not found” (reward 0); SRI-lite surfaces the user’s
real orders and completes the exchange (reward 1).
Both cases exhibit the same halt-—-retry-context-
—-recovery-chain shape across benchmarks.

72-bench airline (50 tasks). Tab. 13 reports base-
line and SRI-lite pass@1 on the airline domain as
a within-72 cross-domain check. All three families
show near-zero or negative A, consistent with the
retail finding that SRI-lite does not help non-halt-

prone families on 72.

E Turn-level GAR validation (extends
§4.1)

We report case-level GAR throughout the main pa-
per (the fraction of 200 cases per cell on which the
gold action class is emitted at any turn). To confirm

the case/turn distinction does not invert paper-level
findings, we re-compute GAR at the turn level for
14 missing-info cells (7 families x 2 categories),
averaging the gold-action emission rate over the
gold turns of each case (Tab. 14). Hammer-2.1-
7B emits the gold class in no gold turn, so its two
cells have no defined ratio. Across the remaining
12, the median case/turn ratio is 1.23x; four cells
exceed 1.5x and one exceeds 2x. That outlier is
xLAM miss_func, which sharpens the xLAM de-
viation rather than softening it. No cell moves a
family across the general-purpose / tool-specialized
split: at the turn level Qwen3-14B reaches 38.0%
on miss_func against Hammer-2.1-7B at 0.0%.

Family ordering between Qwen and gpt-oss on
miss_param differs between case-level (Qwen >
gpt-oss by 8 pp) and turn-level (gpt-oss > Qwen by
2.5 pp); both differences fall within Wilson 95% CI
overlap on N = 200 and should not be interpreted.
The xLLAM outlier status on miss_func is robust at
both levels.

We additionally compare the case-vs-turn gap
(XLAM miss_func: 5.5 pp) against the audited held-
out-tool firing rate (92.3%, n = 78; App. F). The
two metrics measure different objects on different
populations: the case-vs-turn gap is computed on
all 200 miss_func cases as the fraction with non-
gold-turn emission, while the audited held-out-tool
firing rate is computed on the 78 audited miss_func
cases as the fraction with held-out-tool fire at the
BFCL synthetic-injection turn. They are not inter-
changeable.

An emission that both calls a tool and asks the
user counts as TOOL_CALL under the priority rule
of App. A. Crediting the question instead raises
miss_param GAR by 1.5-4.5 pp across Hammer-
2.1-7B (0.5 — 5.0), ToolACE-2-8B (39.0 —
40.5), Watt-Tool-8B (7.0 — 9.0), and Qwen3-14B
(79.0 — 81.0), and changes no ordering.



Table 14: Case-level vs. turn-level GAR on 14 missing-info cells. Confidence intervals are Wilson 95% on N = 200.

Family Category Case GAR (Wilson 95% CI) Turn GAR (Wilson 95% CI) Gap (pp)  Ratio
General-purpose open-weight
Qwen3-8B miss_func 40.0% [33.5, 46.9] 36.5% [30.1,43.4] +3.5  1.10x
Qwen3-8B miss_param 84.0% [78.3, 88.4] 66.0% [59.2,72.2] +18.0 1.27x
Qwen3-14B miss_func 44.5% [37.8,51.4] 38.0% [31.6,44.9]  +65 1.17x
Qwen3-14B miss_param 79.0% [72.8,84.1] 65.5% [58.7,71.7] +13.5  1.21x
gpt-0ss-20b miss_func 3.5% [1.7,7.0] 2.0% [0.8,5.0] +1.5  1.75x%
gpt-0ss-20b miss_param 76.0% [69.6, 81.4] 68.5% [61.8, 74.5] +7.5 1.11x
Tool-call-specialized open-weight
xLAM-2-8b miss_func 10.0% [6.6, 14.9] 4.5% [2.4,8.3] +5.5 2.22X%
xLAM-2-8b miss_param 19.5% [14.6, 25.5] 15.5% [11.1,21.2] +4.0 1.26x
Hammer-2.1-7B  miss_func 0.0% [0.0,1.9] 0.0% [0.0,1.9] +0.0 -
Hammer-2.1-7B  miss_param 0.5% [0.1,2.8] 0.0% [0.0,1.9] +0.5 -
ToolACE-2-8B  miss_func 12.5% [8.6, 17.8] 105% [7.0,15.5]  +2.0 1.19x
ToolACE-2-8B  miss_param 39.0% [32.5,45.9] 32.5% [26.4, 39.3] +6.5  1.20x
Watt-Tool-8B miss_func 22.5% [17.3,28.8] 13.0% [9.0, 18.4] +9.5  1.73x
Watt-Tool-8B miss_param 7.0% [4.2,11.4] 4.0% [2.0,7.7] +3.0 1.75x%

F Audit detail (extends §4.5)

We complement the deterministic classifier with
two manual-audit packets.

F.1 Per-label < and post-adjudication
mechanism rates

Sample composition. The 200 cases are stratified
across 7 strata: A (xLAM miss_func over-call, n =
48), B (n = 30), C (n = 40), D (n = 30), E
(n = 20), F (Qwen baseline-PASS — SRI-FAIL,
n = 22), G (n = 10). A separate 20-case pilot is
audited under the same rubric.

Adjudicated Bla per-category rates align
with paper Tab. 1 GAR: xLAM miss_func 5/48 =
10.4% (paper GAR 10%); Qwen miss_param
4/21 = 19.0% (paper 19.5%); xXLAM miss_param
0/30 = 0%; gpt-oss miss_func 0/11 = 0%. Tool-
call categories audit at > 90% B1a as expected.

B7 (SRI failure mode). Post-adjudication distri-
bution (n = 52 D+F cases): state-injection misuse
24, reconciliation-prompt overfit 14, unclassified
11, history-edit artifact 3. The low inter-rater agree-
ment (x = —0.006 on the non-n.a. matrix) reflects
mechanism-attribution difficulty in this small sub-
set; B7 is reported as descriptive only.

F.2 Rubric notes

The audit’s gold-action-class definition (REFUSE
for miss_func, ASK for miss_param) follows the
paper’s calibration framing rather than BFCL’s
ground-truth tool match. An earlier rubric draft
used BFCL ground-truth tool match as the Bla

criterion; the discrepancy was caught during pilot
validation, and the full audit was re-run under the
corrected rubric.



Table 15: Per-label pre-adjudication Cohen’s « on the 200-case unified mechanism audit. Two independent
automated raters apply frozen rubric v2; B7 (multi-class) reported separately as descriptive. Headline statistic is
macro-mean across the five primary action/timing labels (Bla, B1b, B3, B4, BS).

Tier Label neligible agreement  Apre-adj
primary B1la (gold action @ gold turn) 200 0.970 0.933
primary B1b (gold action eventually) 200 0.945 0.887
primary B3 (held-out tool fired late, miss_func) 78 1.000 1.000
primary B4 (under-spec clarification asked) 200 0.985 0.792
primary BS (grader pass w/o gold-turn action) 200 1.000 1.000
Macro-mean (primary 5) 0.9225
Min (primary 5) 0.7922
exploratory B6 (completion claim consistency; not cited in main text) 169 0.740 0.461
descriptive  B7 (SRI failure mode, 4 x4 non-n.a.) 52 0.231 —0.006

Table 16: Post-adjudication mechanism rates (n = 200
unified audit, except where noted). Adjudication steps:
step 1, 118 disagreement cases adjudicated by indepen-
dent third rater; step 2, 21 spot-check cases verified for
systematic error; step 3, not triggered.

Label k/n rate Wilson 95%

Bla (gold action @ gold turn) 71/200 0.355 [0.292, 0.423]
B1b (gold action eventually) 88/200 0.440 [0.373, 0.509]
B3 D1 (miss_func only) 72/78  0.923 [0.842, 0.964]
B3 D2 (Bla=0 conditional) 65/71 0915 [0.828,0.961]
B4 (under-spec clarification asked) ~ 7/200  0.035 [0.017, 0.071]
BS5 (grader-pass path masking) 26/200 0.130  [0.090, 0.184]
B6 (exploratory) 89/178  0.500 [0.427,0.573]

Table 17: Pre-adjudication agreement (rater-vs-rater)
per stratum on the five primary labels. B6 (exploratory)
and B7 (descriptive) are omitted.

Stratum n Bla BIb B3 B4 B5

48 090 09 1.00 1.00 1.00
30 1.00 100 1.00 1.00 1.00
40 1.00 095 1.00 1.00 1.00
30 1.00 097 1.00 097 1.00
20 095 090 1.00 090 1.00
22 1.00 095 1.00 1.00 1.00
10 1.00 1.00 1.00 1.00 1.00
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