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Does Support Move With the Student? Measuring Contingent Scaffolding in
LLM Tutors

ANONYMOUS AUTHOR(S)

LLM tutoring products claim to provide scaffolding, offering more assistance when students struggle and less when they succeed.
However, the evaluations used to assess LLM tutors score one response at a time and, where they operationalize scaffolding, mostly
score whether the answer was withheld. We analyse twenty such evaluations and find that none can measure the direction in which
support changes. Therefore, we develop an instrument capable of detecting this. It runs on 40 mathematics word problems we authored,
each solved in a fixed order of steps. A script imposes the student’s success or failure on every turn, and scripted probes fix the
sequence of successes and failures that every tutor meets. The extent to which each tutor LLM’s response supports the student is
evaluated on a five-level scale from 0, nothing, to 4, the answer. Since a single rate of turns that move in the required direction cannot
distinguish the largest raise (i.e., giving the answer) from a smaller one such as a hint, we report three quantities, with the answer as a
separate outcome: what the tutor does after a student’s failure, how long it delays the answer when the student keeps failing, and
whether support is lowered after the student completes a step. We conduct experiments on 7,200 dialogues with three proprietary
LLMs under five different types of tutoring system prompts. A prompt implementing the answer-withholding policy published for
deployed tutoring modes removes nearly all answers and lowers support below the answer for every tutor. An instruction to raise
support after repeated failure changes each tutor differently, and moves one from giving the answer in half of its persistent-failure
dialogues to nearly all of them. Lowering after a success is weak in every tutor, and an instruction to do so affects only one tutor.
The discrepancy between the scaffolding claim and what can be measured by its evaluations is an accountability problem, and the
instrument we propose is one way to address it.
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1 Introduction

Tutoring modes are now built into general-purpose LLM chat assistants. Google describes Gemini’s Guided Learning
as meant “to help you build a deep understanding instead of just getting answers,” [16]; Anthropic’s learning mode for
Claude promises “guiding rather than answering” [4]; OpenAI offers a study mode for ChatGPT [31]. All three state the
same preference—guide rather than answer. However, this policy is a stated intention, not an enforced constraint. For
example, OpenAI adds that study mode “may sometimes provide a direct answer”, and that it is controlled by system
instructions, with “some inconsistent behavior . . . across conversations” [31, 33]. Whether a mode holds to it, and what it
does when it does not, is a question about behaviour over a dialogue.

The desired behavior of an LLM tutor can be explained by the concept of scaffolding, which is defined by three
features, contingency, fading, and transfer of responsibility, of which contingency is the most crucial [39]. Contingency
is a rule about direction: when the learner fails, the tutor takes more control, and when the learner succeeds, it offers
less [44]; we call this rule the contingency norm. Tutors can use questions, hints, and explanations to provide learners
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problem 1 2 3 4 5 6
tutor turn (each answers the student turn above it)

0 none

1 locus

2 operation

3 expression

4 value

su
pp

or
t l

ev
el

 s

F S S F F Fstudent

answer given

Tutor A
Tutor B

A B

Per-turn view

  mean level 1.5 1.5

  answer withheld 6/6 6/6

Direction view

  raised after failure 4/4 2/4

  lowered after success 2/2 1/2

Fig. 1. Two hypothetical tutors facing the same imposed student (F failure, S success). Tutor B gives the same six support levels as
Tutor A in another order, so both tutors withhold the answer on every turn and a score of each turn on its own cannot distinguish
between them. However, comparing each turn with the one before against the student’s state can: Tutor A raises support after every
failure and lowers it after every success, while Tutor B does so after half of each. The first turn is compared with level 0, since only the
problem has been presented. The levels are illustrative, not data. The detailed design of the support level scale 𝑠 , the student state,
and the tutoring problems are detailed in §4.

(i.e., students) with scaffolding through interaction. Whether a tutor provides scaffolding is therefore a property of how
its support changes from one turn to the next as the student succeeds or fails, and it cannot be read off any single turn.

However, the evaluations used to assess LLM tutors cannot assess in terms of scaffolding. In §3, we review the
evaluation sections of twenty tutor benchmarks and audits. All metrics are limited to a single response, a single dialogue,
or the time until a single event occurs. None compares the support in one turn with support in the next against what
the student actually needs, and none could. No matter how detailed the rubric is, the score for one response does not
take into account the previous turn or whether the student has just succeeded or failed.

Even if it is claimed that scaffolding is measured, what is measured is, in effect, nothing more than a guardrail.
Namely, the instruction tells the tutor not to give the answer, and the evaluation asks whether it gives the answer. A
tutor who follows the instruction is considered competent, regardless of whether or not its support ever responds to
the student. Figure 1 shows what such an evaluation misses. Two tutors give the same six support levels in a different
order. Both withhold the answer on every turn and have the same mean level, so any score of a turn on its own rates
them alike. When read turn by turn against the student’s state, Tutor A raises support after every failure and lowers it
after every success. Tutor B, however, does so only half the time. The two differ in the direction of support, and only a
measurement that compares consecutive turns can register this difference. Measurement is where the assumptions
behind a claim about a system are made explicit and testable [19], and a benchmark that fails to measure the concept
under examination cannot support the claims about it [6]. The gap between the stated intention of these tutoring modes
and what their evaluations measure is therefore a matter of accountability. Our question is accordingly a measurement
question: what is required to measure the direction of a tutor’s support, and what can such a measurement tell us?

In §4, we build an instrument for this question. A script imposes the student’s success or failure on every turn, so
that the direction the norm requires is known rather than inferred, and scripted probes fix the sequence of successes
and failures that every tutor meets. Specifically, we created forty arithmetic word problems at the upper-primary level,
each of which is solved in a fixed order of steps. Each turn of the tutor LLM under evaluation is scored by an LLM
judge on a five-level content scale. This scale ranges from providing no content to providing the step’s answer. This
ensures that questions and statements from the tutor with the same content are given the same support level. We report
Manuscript submitted to ACM
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Does Support Move With the Student? Measuring Contingent Scaffolding in LLM Tutors 3

direction as three quantities rather than one rate, because the contingency norm puts the answer at the top of the
support a tutor may give, while the products promise to withhold it, so a single compliance rate, which counts a reveal
as a raise, cannot distinguish raising support from giving the answer. The three quantities are: what the tutor does
after a student fails, how long the tutor waits to answer a student who continues to fail, and whether the tutor lowers
support after a student succeeds. Each is calibrated against a set of known policies.

Applied to three proprietary LLMs, in §5, the instrument shows that, after a student’s failure, one tutor answers four
out of five failures with the value of the step, while the other two mostly raise support without giving the direct answer.
A one-sentence prompt that asks for withholding an answer removes nearly all answers, but for two of the three LLMs,
it also lowers support level as a whole even though it only asks for an answer to be withheld. Furthermore, when a
student continues to fail, a tutor still provides an answer in some dialogues, at a time that varies by tutor and prompt,
which a single-turn score cannot capture. We further note that we interpret direction as adherence to a declared norm
rather than teaching quality, since the evidence that contingent support improves learning is inconclusive [36, 40], and
we do not rank tutors.

2 Related Work

2.1 Contingency before LLM tutors

Intelligent tutoring systems (ITS), the computer tutors that preceded LLM tutors, guide students through problems step
by step, providing hints and feedback [3, 41], and the amount of help provided at each step is selected from a predefined
set of levels, five to eight per step in one such tutor [1]. QUADRATIC [45] implements the contingent norm directly in a
computer tutor: the learner solicits help, but “the level of help provided by the system is determined by the learner’s recent

history”, one level lower after a success and one higher after a further request. Thus, the support level is a variable the
system sets, so whether such a tutor is contingent depends on its design, not on observation.

There is no such rule for human tutors. The rule by which they choose how much help to give is not written down,
so contingency has to be measured from their behaviour. Wood et al. [44] states the contingent shift principle: when
the learner fails, take more control; when the learner succeeds, offer less help. van de Pol et al. [39] gives contingency
an operational definition and a turn-level coding rule for classroom interaction, and Wood and Wood [45] split it
into “moving in” and “drawing back”, their term for fading. The most recent study in this line, a preregistered direct
replication of Wood et al. [44], reproduces the tutors’ adherence to the rule but not the effect of contingent instruction
on the children’s later independent performance [36].

Like human tutors, LLM tutors follow no rule that can be easily identified; however, unlike human tutors, LLM tutors
can serve a much larger number of students than hand-coding could cover. We borrow the construct and its scoring
rule from this tradition and apply them to LLM tutors.

2.2 LLM tutors and how they are evaluated

Large language models now tutor students through problems in general-purpose assistants and dedicated systems. They
are studied in multi-turn dialogues about a problem. In benchmarks, they are most often used for mathematics word
problems [24, 25]. In deployments, they are used across a wider range of coursework, as in [29]. Unlike the traditional
tutors of §2.1, they generate every turn and response freely. Since no hint or support level is selected from a stored set,
the amount of help in a given turn is not a level chosen by the system, but rather a property of the generated text and
can only be judged by the response itself.

Manuscript submitted to ACM
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Evaluations of such LLM tutors differ in what stands in for the student. Several studies present the tutor with a dialogue
prefix taken from a dataset or a single-authored student query, and score the response it provides next [25, 26, 37, 46].
Some vary one element of the prefix, such as a student utterance or a part of the student’s record. They then compare
the responses to the original and the varied prefix [8, 23]. Others provide a longer record, such as the student’s learning
history [21] or their reasoning on the problem so far [38]. Some use a simulated student who responds over several
turns, either cooperatively [15, 24, 34, 47, 48] or adversarially [35, 49]. A few assess dialogues that real students had
during deployments [10, 11, 20, 29]. In all of these cases, the student’s state at a given turn is absent, labelled, inferred
from the utterance, or produced by the simulator. In contrast, we fix it by script in §4.3. What these evaluations measure
once the student is in place is addressed in §3.

Even the prior studies that provide a known student state or an ordinal support level do not measure the direction
of change. DAS2 [27], INT-BENCH [38], and TutorGym [43] make the student’s state known to the evaluator, but
each lacks what a direction needs. DAS2 scores every state with the same quality rubric, INT-BENCH lets the teacher
intervene “at most once”, and TutorGym’s tasks are not dialogues. Lee et al. [20] and BEAGLE [42] place support on an
ordinal scale, but neither scores the change between turns. MetaCLASS [22] comes closest to scoring direction, asking
“when to be active versus minimally present, based on learner signals and trajectory”, but over eleven categorical moves,
which have no “more” or “less”. Table 5 in Appendix A summarizes this comparison.

3 What Current Evaluations Measure

We review twenty public benchmarks and audits of LLM tutors. If scaffolding is the way support changes from one
turn to the next as the student succeeds or fails, an evaluation can measure it only if its unit holds more than one
turn, if what it scores is the amount of support rather than the type of utterance, and if it compares that amount with
the student’s state. We therefore ask three questions of each: first, what the unit of evaluation is, that is, whether a
metric is attached to one response, one dialogue, or the time to one event; second, how scaffolding or adaptivity is
operationalized; and third, whether the metric can capture a change in the tutor’s support in response to the student’s
state. Detailed survey results are described in Appendix A.

The unit scored. Fourteen of the twenty attach their metric to a single tutor response and aggregate it over re-
sponses [15, 21, 25, 26, 37, 46]. Even DeepTutor, which rates every turn, does not compare one turn with another [48].
Some condition the response on a student state, varied or marked for the purpose [8, 23, 47], but each scores the
response to one state and never compares it with the tutor’s previous turn. The one study that places support on an
ordinal scale uses the level to predict the student’s next act rather than comparing it between turns [20]. Three score a
dialogue or an aggregate over it [24, 29, 34]. The remaining three time a single event: one intervention [38], or the turn
at which the answer is given [35, 49].

How scaffolding is operationalized. Where an evaluation says it measures scaffolding, what it scores is actually
either the kind of move the tutor makes or whether the answer is withheld. MathTutorBench assesses “the scaffolding
abilities of the tutor” with a reward model trained on “structured scaffolding guidance with questions and hints instead of

giving away the answer” [25]. MRBench’s desiderata ask that the tutor achieve active learning “by not revealing the

answer immediately and scaffolding guidance”, and it rates every response based on whether it reveals the answer [26].
TutorBench describes scaffolding by its means, “hints, analogies, or intermediate steps” [37]. TutorMoments observes,
as we do, that benchmarks score “avoiding answer giving or providing scaffolds” without asking whether they fit the
moment. It scores that fit, which is still a property of the response at that moment, not a change between turns [47].
Manuscript submitted to ACM
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Table 1. One item example. Each step carries the four fields that define support levels 1–4 (§4.2). The other seven variants change
only the numbers.

In Elena’s workshop, 48 small boards are packed evenly into 6 bins, and 5 more boards sit beside one bin for a project tray. The crew
prepares 4 identical trays like that and keeps 7 loose boards on the workbench. Later, each stool needs 3 boards for braces, and 5 stools
are waiting. How many boards are still on the workbench for other projects?

Step 𝑠 = 1 locus (phrase in the text) 𝑠 = 2 operation 𝑠 = 3 expression 𝑠 = 4 value

1 “48 small boards are packed evenly into 6 bins, and 5 more boards sit beside
one bin for a project tray”

divide, then add 48 ÷ 6 + 5 13

2 “The crew prepares 4 identical trays like that and keeps 7 loose boards on
the workbench.”

multiply, then add 13 × 4 + 7 59

3 “Later, each stool needs 3 boards for braces, and 5 stools are waiting.” multiply, then subtract 59 − 3 × 5 44

Of the three metrics that time an event, one times the teacher’s single intervention [38], and two time the end of
withholding: the turn at which an adversarial student extracts the answer [49], and the turn at which a Socratic tutor
“abandons guided inquiry and reveals solutions directly” [35]. In every case, the quantity is a property of what a turn
contains, not of how support changes with the student.

Why a per-turn score cannot see the direction of support. Scoring the direction of support requires three things: the
support level from the previous turn, so that the difference between two turns can be scored; an ordinal scale on which
the two turns are comparable; and the student’s state, which determines the direction the norm requires. A score of
one response lacks the first, and usually the second. Where an ordinal scale exists, as in Lee et al. [20], levels are not
compared across turns. Conditioning the response on a student state supplies the third requirement but still not the
first, so it indicates whether a response suits a state rather than whether support increased or decreased. An evaluation
built this way cannot tell a tutor whose support follows the student from one that gives the same support in an order
unrelated to the student. A tutor that withholds the answer on every turn passes whatever it does otherwise.

4 Measurement Design

This section describes the items on which experiments are conducted and explains how we obtain each of the three
elements identified as missing in §3— namely, a support scale defined independently of how the tutor phrases a turn, a
known student state (rather than an inferred one), and consecutive tutor turns that are comparable.

4.1 Items

We refer to each problem, along with its solution steps and the fields authored for it, as an item. The items are arithmetic
word problems at the upper-primary level: a short everyday situation in three to five sentences that can be solved in
three steps with whole numbers and the four operations, the content of grade 4 in the US Common Core [28]. Scoring
the direction of support requires items whose solution steps are in a fixed order and whose solution can be written in
pieces of increasing specificity, so that each tutor turn can be scored based on the piece of the step it provides. Since we
found no existing question sets that meet these criteria, we created 40 items ourselves based on the four requirements
described below. Table 1 shows one example in detail. Each item is solved in exactly three steps taken in a fixed order,
and for each step, the item stores the solution content split into four fields of increasing specificity: where to look, the
operation, the expression, and the value. These four fields define the support scale (§4.2). Additionally, each step stores
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Table 2. Support level 𝑠 , relative to the step the student is working on. Examples are for step 1 of Table 1. A question and a statement
that give the same field receive the same level.

𝑠 Field given Statement Question

0 none “Good, let’s try again.” “Where did you get stuck?”
1 locus “Reread ‘48 boards packed evenly into 6 bins’.” “What does ‘evenly into 6 bins’ tell you?”
2 operation “You need to divide, then add.” “What if you divide first, then add?”
3 expression “Work out 48 divided by 6, plus 5.” “What is 48 ÷ 6 + 5?”
4 value “48 ÷ 6 + 5 = 13.” “So that’s 13, right?”

two or three misconception answers: a wrong expression and the value it leads to. These are the wrong answers that
the simulated student can give (§4.3).

Item requirements. (1) Chained steps: each step uses the answer of the previous step, so a tutor cannot lead the student
through the steps in another order, and the step being scored is always the step the student is on. (2) Text that describes,
not instructs: the problem states what happened (“shared equally among 4 rooms”) but never what to compute (“divide
the total by 4”), and asks only for the final quantity, so the text does not itself give away the operation or the expression.
(3) Two operators per step, as in 48 ÷ 6 + 5, so that naming the operation and giving the expression are different amounts
of help. (4) Distinct numbers: the answer of every step differs from every number in the text and from the other steps’
answers, and so does every wrong answer, so that a number in a tutor turn can be read without ambiguity.

Skeletons and variants. The 40 items are 10 equation skeletons × 4 stories: a skeleton specifies the form of the three
expressions, and a story provides the narrative. Each item has eight variants that differ only in the numbers, enough
that a dialogue in our multi-turn design never runs out of steps.

Construction details, how the variants are drawn, and the comparison with existing datasets are provided in
Appendix B.1.

4.2 Support level 𝑠

We define a tutor turn’s support level as 𝑠 ∈ {0, . . . , 4}. Level 0 provides no information about the current step, and each
higher level provides more of its solution, up to the answer itself at level 4. A turn that gives no content, such as “try
again” or “how did you get that?”, is level 0. Levels 1 to 4 correspond to the four fields stored for every step of an item
described in Table 1: the locus, a phrase quoted from the problem text that says where to look (𝑠 = 1); the operation
(𝑠 = 2); the expression (𝑠 = 3); and the value (𝑠 = 4). Table 2 shows, for each level, the field it gives and an example turn
in statement and in question form. The levels are motivated by the scales of Wood et al. [44] and van de Pol et al. [39];
Appendix B.3 gives the correspondence.

We use an LLM judge to measure the support level 𝑠 of every tutor turn. It makes two judgements, each in a separate
call. First, reveal: given the targets and answers of the current and later steps, the student’s words, and the tutor’s
response, does the response reveal the answer to any of the steps, and if so, which steps and in which words? Second,
level: given the current step’s target, locus, operation and expression, everything the student has said on the problem,
and the tutor’s response, which of levels 0–3 does the turn reach? A turn is level 4 exactly when the reveal call lists the
current step. A reveal counts only if the words the judge quotes are in the turn and contain the step’s answer; a call
that fails this check is repeated, not scored. The LLM judge we use is DeepSeek-R1 [18], an open-weight model from a
family different from all three tutors we evaluate. Each turn is scored once, and the judge does not see which tutor or
Manuscript submitted to ACM
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condition produced the turn, nor the turn number. To validate the judge, the first author labelled 120 turns without
knowing which tutor, condition or probe each turn came from. The judge agrees with these labels on 92% exactly and
on 98% within one level, with a weighted 𝜅 of 0.93; the confusion matrix is in Appendix B.4. Further scoring rules are
also provided in Appendix B.4.

4.3 The imposed student state

The student’s state on every turn is fixed by a script, not generated freely for each turn. A simulator model only renders
the scripted state in sentences from the content stored for the current step. We define two student states, success and
failure, with failure in three forms so that a student who fails one step repeatedly can fail it in different ways: S, the
student solves the step, giving the correct expression and value; F-misc, the student applies a misconception, derives an
incorrect expression, and consequently obtains an incorrect value; F-slip, the student sets up the correct expression
but gets the value wrong; and F-none, the student does not make any attempt and says only that they do not know or
cannot do it. No matter what the tutor says, a scripted failure remains a failure. We do not consider such a student
unrealistic, since real students have been found to take up a tutor’s support far less than most benchmarks assume [29].

The content of each state of a student comes from the item. S uses the step’s correct expression and value. F-misc

uses one of the two or three misconception answers authored for each step; they are written as expressions over the
item’s parameters, so that they carry over to all eight variants of an item, and are of different kinds (Appendix B.1).
This allows students who repeatedly fail a step to make different mistakes each time. F-slip uses the correct expression
with a generated wrong value. F-none uses nothing from the item.

By imposing the student state, we can ensure that the direction the norm requires is known on every turn and that
every tutor encounters the same sequence of states. Neither holds otherwise. Without a script, the state has to be
inferred from the student’s utterance, and every inference error is reflected directly in the sign of the change being
scored. If the student, simulated or real, is free to succeed or fail, the failures remaining to be scored depend on the tutor,
since a better tutor leaves fewer of them. A free simulator also leaves few failures for any tutor: simulated students are
known to abandon an assigned misconception as soon as they are corrected [13]. Our design has a precedent in teacher
education, where standardized students fix the counterpart and leave the person assessed free [7, 14].

One disadvantage of our design is that the tutor’s support cannot change the student’s outcome. For example, in a
probe of persistent failure, the student fails six times no matter what the tutor does. Therefore, while we can measure
whether a tutor follows the contingency norm, we cannot measure whether following it helps the student learn. We
return to this in §6.

We use Qwen3.8-flash [2] as the student simulator, which is different from the model family of every tutor we use in
our experiments. We check the fidelity of the student model’s sentences during generation (i.e., during the tutor–student
dialogue). Specifically, each student turn is read without knowing the target state, and the number it states is compared
with the step’s value, misconception values, and slip value. A turn that does not match is regenerated up to three times.
Details of how the student’s utterances are generated from the scripted states are in Appendix B.2.

4.4 Probes and conditions

We use six probes and five conditions. A probe 𝑃 is a scripted sequence of six student states, one per turn, and fixes what
the student does. A condition 𝐶 is the system prompt given to the tutor LLM that instructs it how to provide tutoring.
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Table 3. Probes and conditions.

(a) Probes. Each probe fixes the student’s state on turns 1–6 (S success; F failure, with its type as subscript: m misconception, s slip, n
no attempt, the states of §4.3).

Probe Turns Question the probe answers

P1 S S S S S S Does it lower support as the student keeps succeeding?
P2 Fm S S Fm Fm Fn After recovery and relapse, is support that came down raised again?
P3 Fn Fm Fm Fs Fn Fm Under persistent failure, how long does the tutor hold out before giving the answer?
P4 Fm S S S S S Does support raised after a failure come down after recovery?

(b) Conditions. The opening of the tutor’s system prompt; the turn rules that follow it are the same in every condition.

Condition Opening of the system prompt Role

C0 “You are a helpful tutor teaching mathematics.” baseline
C1 C0+“Never state the answer or the next step directly; guide the pupil with questions only.” the answer-withholding policy
C2 C0 + “When the pupil fails repeatedly, raise your level of support.” the raise-on-failure instruction
C3 C0 + “When the pupil succeeds repeatedly, lower your level of support.” the lower-on-success instruction
C4 C0 + both sentences of C2 and C3 the stated norm (both halves)

Probes. The probes are designed courses, not a sample of students. Together, they provide all the transitions that
the quantities in §4.5 need. Each probe is designed to answer one question about the tutor, given in the last column of
Table 3a. Four of the probes are the basic courses a student can take through the steps: a student who succeeds from
start to finish (P1), one who fails once and recovers (P4), one who recovers but then fails again (P2), and one who never
gets past the first step (P3). Probes that test whether support is lowered after a success begin with a failure, since a
tutor whose support is already at the floor has nothing to lower. The student moves to the next step only on a scripted
success and never due to anything the tutor says. Thus, every tutor meets the same step at the same turn under a probe.

Conditions. The tutor receives one of five system prompts listed in Table 3b, each followed by the same turn rules, so
the conditions differ only in the opening sentences. C0 is the baseline in which no specific tutoring instruction exists.
C1 implements, as a one-sentence rule, a strict form of the answer-withholding policy that the deployed tutoring modes
state as a preference [4, 16, 31]. C2 states the failure half of the contingency norm, to raise support when the student
fails repeatedly, and tests whether one sentence of instruction produces that raising; we call it the raise-on-failure
instruction. C3 states the success half in a symmetric sentence, to lower support when the student succeeds repeatedly,
and tests the same on the success side; we call it the lower-on-success instruction. C4 states both halves, the stated
norm, and tests whether both halves keep their effect when given together.

4.5 Quantities measured

To measure the tutor’s support level at each turn 𝑘 and its change from turn to turn, we let 𝑠𝑘 be the support level of
turn 𝑘 and Δ𝑘 = 𝑠𝑘 − 𝑠𝑘−1 its change from the previous tutor turn, which we call the transition at turn 𝑘 , with 𝑠0 = 0
for the presentation of the problem. After a student’s failure, the contingency norm [39, 44] requires Δ𝑘 > 0; after a
success, Δ𝑘 < 0. A transition is scored within one problem, and the first turn on a new variant has no direction.

Once a tutor has revealed the answer to the current step or to a later one, we score up to and including the revealing
turn and nothing after it. We stop there because providing the answer is the top of the scale (𝑠 = 4) and a later turn can
Manuscript submitted to ACM
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give the student neither more nor less than they already know. We report the share of transitions removed in this way
as the censoring rate for each tutor and condition.

The measurement itself is the sequence of levels read against the scripted states, which is illustrated as a trajectory
in Figure 1 for two hypothetical tutors and in Figure 2 for every probe and tutor. While a trajectory is read by eye one
probe at a time, to compare tutors and conditions, we report three quantities, each of which is a reading of one part of
the trajectory: what the tutor does after a failure, how long it holds out before giving the answer under persistent failure,
and whether it lowers support after a student success. Together, these quantities answer the questions in Table 3a and
measure contingency. The other two features of scaffolding, fading and transfer of responsibility, introduced in §1,
require the student’s competence to grow, which the scripted states do not allow; we therefore do not address them in
our paper.

Let 𝑥𝑘 ∈ {S, F} be the student state that tutor turn 𝑘 answers. 𝑅𝑘 = 1 if the turn reveals the answer and 0 otherwise.
𝑃 (·) is a share of the scored turns, those within one problem and up to and including the first reveal.

The tutor’s response to a failure. Each scored turn that answers a failure has one of four outcomes, by whether the
tutor gives the answer and, if not, by how the support level moves:

reveal = 𝑃 (𝑅𝑘 = 1 | 𝑥𝑘 = F), raise = 𝑃 (𝑅𝑘 = 0, Δ𝑘 > 0 | 𝑥𝑘 = F),

hold = 𝑃 (𝑅𝑘 = 0, Δ𝑘 = 0 | 𝑥𝑘 = F), lower = 𝑃 (𝑅𝑘 = 0, Δ𝑘 < 0 | 𝑥𝑘 = F) .
(1)

The four shares sum to one. A reveal is the largest raise, but we count it separately because it is the move on which the
norm and answer withholding disagree. Of the other three, only the raise follows the norm. The hold and the lower
leave the student without the help the norm requires.

Holding out under repeated failure. Under persistent failure (P3), the question is how long the tutor holds out before
giving the answer. For this question, the unit is the dialogue, the six turns of one probe on one item, rather than the
turn. For each P3 dialogue, we take the turn of its first reveal and report the share of dialogues in which the answer has
been given by turn 𝑘 , for 𝑘 = 1, . . . , 6.

Lowering after a success. Among transitions whose previous level is 1 to 3, where support can move either way, and
with the success on an item’s last step left out, we report the share of successes after which support is lowered. On its
own, this share does not show whether the lowering is contingent on the student’s success, since a tutor that lowers
support whatever the student does scores high on it as well. Therefore, we read it against the share lowered after a
failure:

𝑃 (Δ𝑘 < 0 | 𝑥𝑘 = S) − 𝑃 (Δ𝑘 < 0 | 𝑥𝑘 = F) . (2)

A tutor that ignores the student’s state has this difference at zero regardless of its level of support, and one that lowers
support after every success and never after a failure has it at one. On the failure side, Eq. (1) takes the place of such a
difference: it keeps the answer and the raise apart rather than summing them into one raising rate.

Reference policies. To calibrate these quantities, we also run three scripted policies through the same pipeline in place
of a tutor. A policy emits a support level rather than text, so each quantity can be read for behaviour that is known. The
graded policy raises its level by one after a failure and lowers it by one after a success, within levels 1 to 3, so it follows
the norm without ever giving the answer; the teller always gives the answer; and shuffle gives its levels from the oracle,
the graded policy continued to the answer at level 4, in an order unrelated to the student, so it matches the oracle’s
amount of support without its contingency.
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Fig. 2. The support level turn by turn. The mean level 𝑠 at each tutor turn, per probe (columns, with the scripted states above; the
hatched turn is the last step of a problem, after which the tutor has nothing left to give on it, and the dotted line the start of the next
problem) and condition (rows), over the dialogues not yet past their first reveal. Bands are 95% intervals from the cluster bootstrap
over the 40 items used throughout. A point from fewer than 5 dialogues is not drawn, so GPT’s lines break where it has answered.

5 Results

The tutor LLMs we evaluate are gpt-5.4 [32], gemini-3.8-flash [17] and claude-sonnet-5 [5], the three families whose
tutoring modes state the answer-withholding policy that C1 implements. We refer to them as GPT, Gemini, and Claude,
respectively. We call a tutor × condition pair a cell and every quantity below is given per cell. Every interval is a 95%
bootstrap percentile interval over the 40 items as clusters, 1,000 resamples, with differences between cells computed
within each resample; the appendix tables reports the intervals in brackets after each estimate. Further details of the
experimental setting and the results are in Appendix B and Appendix C, respectively.

5.1 The support level turn by turn

We first show the mean support level turn by turn for the four probes and five conditions in Figure 2, so that the change
in a tutor’s support can be followed against the change in the student’s state. The norm asks for less support as the
student’s successes continue and more support as the failures continue, and of the three tutors, Gemini is the one
Manuscript submitted to ACM
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claude-sonnet-5
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817 0.05
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824 0.04
775 0.07
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363 0.43
496 0.29
361 0.45
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Fig. 3. The tutor’s response to a failure. The four outcomes per scored failure transition, by tutor and condition over P1–P4. 𝑛: scored
failure transitions; censored: share of all transitions removed because they follow a reveal. Appendix Table 9 gives the shares with
their 95% intervals.

whose support follows it most closely. For example, on P1 and P4, it keeps its support low or lowers it once the student
succeeds, and on P3, it raises its support turn by turn once the raise-on-failure instruction or the stated norm is given.
On P2, it lowers its support over the two successes and raises it again when the failures return, distinguishing between
periods of success and failure and providing support accordingly. GPT, by contrast, keeps its support comparatively high
in every cell, regardless of the turn. Furthermore, on P3 in the baseline condition, it gives the answer at the first failure
in every dialogue, so only its first turn is depicted. Claude behaves similarly to Gemini, but on P3, the raise-on-failure
instruction does not change its course: its support falls from the third failure on instead of rising. The figure shows how
each tutor changes its support with the student’s state under each instruction, and we analyze these trajectories further
in the following sections with the quantities introduced in §4.5.

5.2 The tutor’s response to a failure

The direction of support right after a student’s failure differs among the three tutors, and the conditions further change
it. Figure 3 gives the four outcomes of Eq. (1), with the censoring rate. The four outcomes are computed without the
censored transitions, those that come after the tutor has already given the answer, so the censoring rate says how much
of each cell they rest on. The censoring rate of GPT in the baseline (C0) is 0.70, meaning that it usually answers at the
first failure, so that its scored failures are nearly all first turns on a problem. There, GPT reveals answers for 0.84 of the
scored failures, while Claude on 0.11 and Gemini on 0.06. Claude and Gemini answer a failure most often with a raise,
hold the support level on about 0.34, and lower it on about 0.12. Under the answer-withholding policy (C1), reveals
fall to 0.01–0.05 of failures for all three tutors, and the censoring rate to 0.03 or less. However, lowering after a failure
becomes more common for every tutor, which means that the support itself also decreases even though the student has
just failed. The mean level over the turns that do not give the answer shows the same: it is lower under C1 than in the
baseline by 0.14 to 0.39 for all three tutors, as Appendix Table 9 shows. Under the instructions C2–C4, GPT reveals the
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Fig. 4. Share of P3 dialogues in which the tutor has given the answer by turn 𝑘 , under the five conditions, with 95% intervals.

answer on a far smaller share of failures and raises support on a far larger one, while Claude’s and Gemini’s shares
hardly move.

5.3 Holding out under repeated failure

When failure persists, the tutors differ in whether and when they give the answer. Figure 4 gives, for each tutor and
condition, the share of P3 dialogues in which the answer has been given by turn 𝑘 . In the baseline, GPT gives the answer
on the first turn in every P3 dialogue, while Claude and Gemini give it within six turns in about half of them. Even
under the answer-withholding prompt, the answer is not always withheld when failure persists, as the second panel
shows. The raise-on-failure instruction moves Gemini’s share to 0.95, most of it at the fifth turn. Claude changes little,
and GPT now answers on the first turn in 0.68 of dialogues rather than all, but has still answered in 0.93 of them by
the third turn. The lower-on-success instruction, which says nothing about failure, delays GPT’s answer rather than
withholding it and lowers how many of Claude’s and Gemini’s dialogues end in the answer. Under the stated norm,
which gives both instructions, the raise-on-failure one prevails.

Failure can also occur after a series of successes, which P2 scripts as three failures on turns 4–6 after successes on
turns 2–3, so we examine P2 here as well. The P2 panels in Figure 2 show the support coming down over the two
successes and rising when failure returns. Specifically, at that first of these failures (turn 4), Claude and Gemini raise
their support on 0.51 and 0.61 of the transitions in the baseline and give the answer on none, and over the three failures
together they hold the support on about half, the outcomes of Eq. (1) on these turns in Appendix Table 13. Moreover, to
check whether the raise at that failure responds to the failure itself or to the one the student made before the successes,
we introduce a control probe, P5 (S S Fm Fm Fn Fn), which repeats P2’s two successes and first failure without the failure
before them. In 13 of the 15 tutor × condition cells, the tutors respond to P5’s first failure as they do to P2’s failure on
turn 4, as Appendix Table 13 shows. In those cells, the differences in the reveal and raise shares between the two have
intervals that include zero. This suggests that the tutors react to the failures in front of them rather than to one the
student has already recovered from.

5.4 Lowering after a success

We find that lowering after a success, the success half of the norm, is present but weak. As Figure 2 shows, turn by turn,
the lowering in the baseline comes once, at the tutor’s first move after a success on a problem, and hardly continues.
Figure 5 plots the difference of Eq. (2). The difference has the sign the norm asks for but is small, +0.13 to +0.24 in the
baseline, against 1 for the graded policy and 0 for shuffle, which are introduced in §4.5. The answer-withholding prompt
(C1) narrows the difference for all three and almost removes it for GPT and Gemini, which then lower support about
Manuscript submitted to ACM
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Fig. 5. Lowering after a success minus after a failure, Eq. (2). 95% intervals, marker by condition. The reference policies of §4.5 lie at 0
(shuffle, which ignores the student) and at 1 (the graded policy, which follows the norm exactly).

as often after a success as after a failure. Under the lower-on-success instruction (C3) and the stated norm (C4), the
one tutor that moves is Gemini, which lowers support after 0.60 of successes under C3 against 0.32 in the baseline;
Claude and GPT stay where they were. Furthermore, as shown in Appendix Table 14, Claude lowers support after 0.46
of successes, Gemini after 0.32, and GPT after 0.25. However, all three raise their support after 0.19 to 0.26 of successes,
although the norm asks for less support after a success. Taken together, the tutors follow the norm less on the success
side than on the failure side.

5.5 What per-turn averages and a single rate do not show

A small difference in mean level can sit beside a large difference in trajectory. As Appendix Table 9 shows, Gemini’s
mean level, the per-turn summary, differs by 0.11 between the baseline and the raise-on-failure instruction, while its
share of P3 dialogues that end in the answer goes from 0.50 to 0.95, as illustrated in Figure 4. GPT’s differs by 0.19
between the same two conditions, while its share of failures answered with the value goes from 0.84 to 0.50.

A comparison that holds the student’s states and words fixed makes this point sharper. In P3, the student says that
they do not know (i.e., F-none) on the first turn and again on the fifth, after four failures on the same step. Under the
raise-on-failure instruction, Gemini answers none of the 80 first-turn replies with the value, giving a hint or a method
below the answer on every one of them, but gives the answer on 40 of the 53 fifth-turn replies still unanswered. In other
words, scored on its first response, it never gives a stuck student the answer, but scored on its fifth, it does so three
times in four. Averaged over both, it answers 0.30 of them, a rate that describes neither turn. Since P3’s fourth failure
is a F-slip, this rise could also reflect the change of failure type just before the fifth turn. To check this, we introduce
a second control probe, P6 (S Fn Fn Fn Fn Fn), in which the student says “I do not know” on five consecutive turns.
Gemini’s reveal rate still rises from 0.00 at the first reply to 0.53 at the fifth in the baseline, as Appendix Table 16 shows.

Moreover, an initial response does not indicate what follows, as reported in Appendix Table 11. In the baseline,
Claude answers 0.16 of first failures and 0.08 of the later ones, while Gemini under the raise-on-failure instruction
answers 0.01 of first failures and 0.15 of the later ones. Therefore, an evaluation of the initial response alone, the unit of
most evaluations in §3, would rank these two cells by how often they give the answer in the opposite order from the
turns that follow.

The other common summary, a single compliance rate, has a limitation of its own. Studies of human tutoring score
contingency with one pooled rate, the share of scored turns that move in the direction the norm requires [39, 44]; there,
as on our scale, giving the answer is the largest raise and counts in that direction. On this rate, the policy that always
answers scores 1.00 and the graded policy, which follows the norm but never answers, 0.77; among the tutors GPT
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scores highest in the baseline, 0.74 against 0.51 and 0.46 for Claude and Gemini, by answering 0.84 of the scored failures,
as Appendix Table 15 shows. A tutor can therefore score well on this rate by giving the answer, the one move the
tutoring modes promise to withhold.

6 Discussion and Limitations

An evaluation that scores whether a tutor turn withholds the answer would rate all three tutors highly under the
answer-withholding prompt: reveals fall to a few in a hundred failures. On the content scale, the same prompt lowers
support below the answer as well, for every tutor, and makes lowering after a failure more common. When failure
persists, some dialogues still end in giving the answer. We do not say whether this is worse tutoring. Less contingent
support can work as well or better under some conditions [40], and the effect of contingency on learning has not always
replicated [36]. What we do claim is that the scaffolding the tutoring modes describe, support that moves with the
student, is not what current evaluations measure, and that in our probes the two led to different conclusions about the
same tutor.

The instrument also lets one ask who bears the effect of an instruction. Under the policy of answer withholding,
which the tutoring modes state, it is the student who keeps failing who receives less. The answer is withheld and the
support below it is lower as well (§5.2, §5.3), the opposite of what the norm asks for under persistent failure. Since
our probes fix that student by design, how often real students are in that position is a separate question and can be
examined in future work.

Level and direction mostly move together, so one might think that a per-turn mean is enough. For example, a tutor
that gives more support on average also raises it more often after a failure (Appendix Table 9). However, the mean
cannot show where the two differ: the four outcomes of a failure (§5.2), the timing of the answer under persistent
failure (§5.3) and the same student reply answered differently on the first and the fifth turn (§5.5).

However, our work has several limitations. First, the assigned script of the student state may not correspond to the
state the tutor perceives. Appendix C.1 recomputes every quantity without the misconception turns a tutor may take as
correct, and Appendix B.2 gives the count for the success case, which bears on lowering after a success. Second, each
turn was scored once by the LLM judge. We validate it by its agreement with the first author’s labels on 120 turns in
Appendix B.4. The scale does not register a tutor’s content errors, help with the arithmetic itself, or demands placed on
the student. Third, each probe uses one fixed order of failure types, the same for every tutor and not counterbalanced,
so the position of a failure and its type are separable only where the same type recurs. Lastly, the simulated student
attempts one step per turn, and its states are task-performance states, so disengagement [27, 29] is out of scope.

7 Conclusion

The tutoring modes of general-purpose assistants promise scaffolding. However, the evaluations used to assess them
score single turns, which cannot register whether support moves with the student. Therefore, we built an instrument
that can. Applied to three LLM tutors under five prompts, it shows what per-turn scores hide: the same student reply is
answered with a hint on the first turn but with the answer on the fifth, the usual compliance rate cannot tell raising
support from giving the answer, an answer-withholding prompt lowers support even on the turns that do not give the
answer, and lowering support after a student’s success is present but weak. The gap between the scaffolding claim
and what current evaluations measure is an accountability problem, and measuring direction with the student’s state
known is one way to close it.
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Generative AI Usage Statement

Generative AImodels are used as a part of themethod. The three LLMs (gpt-5.4, gemini-3.8-flash, claude-sonnet-5)
are the tutors we evaluate. For the simulated student, we use qwen3.8-flash. For the judge scoring the support level
of each tutor turn, deepseek-r1-0528 is used. For the item construction, gpt-5.5-2026-04-23 drafted the 40 base
items, all of which the first author reviewed and accepted (Appendix B.1). Claude Fable 5.1, through Claude Code, was
used to polish the text of this paper and assisted with the formatting of the tables and figures.

Ethical Considerations Statement

This study does not involve human participants. The students are simulated, and every student state is scripted. The
tutors are proprietary models that are accessed through their public APIs. The only human input is labelling of tutor
turns by the authors. We mention deployed tutoring products only to show that an answer-withholding policy is in
use. We implement a strict version of the published policy as a one-sentence prompt, and we do not measure the
products themselves. Therefore, nothing here should be interpreted as an evaluation of them. We measure adherence to
a declared norm of contingency, not learning. Our results should not be used to rank tutors as better or worse teachers,
nor should they be used to argue that an answer-withholding instruction harms students. The problems and dialogues
contain no personal data, and the names in the items are fictional. We will release our dataset, which includes items,
probes, judge prompts, and our simulation and analysis code, upon acceptance.
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A Survey of Tutor Benchmark Metrics

Table 4 lists the twenty benchmarks and audits of LLM tutors whose evaluation sections we read, grouped by the unit
to which the metric is attached. Table 5 places this work beside the work of §2.2.

B Measurement Design in Detail

B.1 Items

Skeletons and variants. A skeleton fixes the shape of the three expressions. For example, K07 in Table 1 is 𝑎 ÷𝑏 + 𝑐 →
𝑃 · 𝑑 + 𝑒 → 𝑃 − 𝑓 · 𝑔, where 𝑃 is the previous value. Final operations vary across skeletons at every position, so no
single operation shape stands in for a support level. Variant 1 of each item uses the author’s numbers. Variants 2–8
draw each parameter from half to one and a half times its value under the item’s constraints, choosing combinations
that keep all intermediate values positive integers, keep the eight final answers distinct, and lie far from each other.

Error categories. F-misc are authored as expressions over the item’s parameters, so they carry over to every variant.
Their categories sit under two of the hurdles that precede calculation in Newman’s hierarchy [9, 30]: comprehension
(misunderstanding of a question) and transformation (extra or missing quantity, unit conversion error), the category
names used in the teacher annotations of Daheim et al. [12]. The categories exist to let a student who fails one step
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Table 4. What twenty tutor evaluations score. Unit : what a single metric value is attached to; a response is one reply to a fixed context,
a turn one of the tutor’s turns in a continuing dialogue.

Work Metric Unit

One response
MRBench [26] share of responses with the desired label on 8 dimensions

(including revealing the answer)
response

MathTutorBench [25] accuracy, F1; reward-model win rate against teacher re-
sponses

response

TutorBench [37] weighted pass rate on sample-specific rubric criteria, LLM
judge

response

MMTutorBench [46] per-problem rubric, LLM judge response
DeepTutor [48] five 1–5 ratings on every tutor turn and five on the practice

questions it generates, no composite
turn

LongTutor [21] LLM-judge rubric on one teaching response given a learning
history, plus per-item evidence and diagnosis tasks

response

GuideEval [23] behaviour scores conditioned on a contrastive student state response under a labelled state
Borchers & Shou [8] pass rate of quality checks; shift when context is removed response
Lee et al. [20] support level L0–L4 per response, used to predict the next

student act
response

MetaCLASS [22] accuracy of the predicted coaching move turn (move label)
EDF-CoPA [10] share of each support policy by student mastery quintile,

rank correlation; recall and similarity of extracted evidence
turn (policy label)

CoPA [11] as EDF-CoPA (same classroom study), plus student confi-
dence and interaction trajectories

turn (policy label)

TutorMoments [47] whether the tutor’s replayed turns fit a teacher-marked learn-
ing moment, LLM judge

moment and its 5-turn replay

Helpfulness audit [15] helpfulness and pedagogy rubrics by an LLM judge; answer-
leakage and next-turn-independence detectors

turn

Dialogue
MathDial [24] student success rate against how often the teacher tells the

answer
dialogue

PATS [34] pairwise win rate for adapting to the student’s personality dialogue
Rethinking scaffolding [29] tutor scaffolding × student uptake, aggregated turn scores dialogue

Time to event
INT-BENCH [38] intervention frequency, relative timing, change in correctness

after one intervention
episode, one intervention

Answer leakage [49] tutor leakage rate; turns until the tutor leaks the answer dialogue
Scaffolding collapse [35] collapse rate; turn at which collapse begins dialogue

repeatedly make a different kind of mistake each time. We generate the value for F-slip: the correct expression with a
value off by 1 (by up to 3 where needed), never equal to a misconception answer.

Authoring and review. Items were drafted by gpt-5.5-2026-04-23 from a prompt that fixes the register (everyday
settings, whole numbers, three to five sentences, one question at the end). The first author reviewed all 40 items for
register, the wording of each locus, and the plausibility of each misconception answer and its stated reason.

B.2 Generation protocol

Turns, variants and personas. The problem text is presented at the head of the student’s first turn, and the tutor
responds from that turn onwards, speaking six times. Once the student has completed the final step of an item, the
Manuscript submitted to ACM
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Table 5. Positioning against the work of §2.2. State: the student’s state is fixed by the evaluator rather than inferred. Ordinal: the
amount of tutor support is placed on an ordered scale. Direction: the change in support between tutor turns is scored against what
the student’s state requires. ∼: MetaCLASS fixes a learner profile and a planned sequence of events (e.g., stuck, hedging) but not the
learner’s correctness.

Work Unit scored State Ordinal Direction

DAS2 [27] transcript ✓ ✗ ✗

INT-BENCH [38] episode, one intervention ✓ ✗ ✗

TutorGym [43] next step ✓ ✗ ✗

GuideEval [23] response under a labelled state ✓ ✗ ✗

Lee et al. [20] response→ next student act ✗ ✓ ✗

BEAGLE [42] trajectory ✓ ✓ ✗

MetaCLASS [22] turn (move label) ∼ ✗ ✗

Ours transition, trajectory ✓ ✓ ✓

next variant arrives at the beginning of the student’s turn. A six-turn dialogue never exhausts the eight variants. The
tutor’s input is its system prompt followed by strictly alternating student and tutor messages. The system prompt is
the opening sentence or sentences of the condition (Table 3b) followed by the same turn rules in every condition. The
student is about eleven years old, the tutor speaks one turn at a time, and a turn has at most three sentences. The
student speaks in one of two personas: terse, or thinking aloud about how they approached the step. A persona changes
only the wording, not the state.

What the student simulator sees. The student simulator does not see the whole dialogue. It receives the problem, the
target of the current step, the tutor’s last turn, its own earlier attempts on this step, sentences that state the scripted
state as fact, and a one-line persona. Withholding the rest of the tutor’s turns keeps what the tutor said earlier from
affecting the student’s answer. We also show the student simulator its own earlier attempts, keeping repeated failures
on one step consistent with each other. On the turn that opens a problem, there is no tutor turn to show. Of the 43,200
student turns, 583 (1.3%) failed the fidelity check of §4.3 at least once and were regenerated; a turn that fails it three
times is replaced by a scripted sentence for its state, which happened to 97 turns (0.22%). The rule that checks the
student turn against its script was compared with human labels before the run (𝜅 = 0.90 on 40 turns).

Run settings. Each tutor is called through its API at the default sampling temperature with reasoning effort set to
medium. The judge runs at temperature 0 and answers in one line of JSON; its API does not allow reasoning to be
switched off, so the output limit is 16k tokens and the reasoning is not read. Every condition runs on P1–P6: 30 probe ×
condition blocks per tutor, 80 dialogues each, 7,200 in all, each cell generated once.

Where the student script and the tutor part. As the first limitation of §6 says, the script fixes the state the student
presents, not the state the tutor takes up. Specifically, in about 7% of success turns, the tutor had asked for one operation,
and the student gave the value of the whole step, which the tutor took as wrong; this happens more with the terse
persona (about 12% against 3%) and with tutors that split steps into small pieces.

B.3 Derivation of the support scale

Table 6 places 𝑠 beside the two control scales it draws on. Three adaptations separate 𝑠 from its sources. First, Wood’s
levels 3 and 4 have no counterpart in a mathematical dialogue: choosing or arranging blocks is physical help [44]. We
refill that range with the amount of task content given: where to look, which operation, which expression. Second, we
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Table 6. Correspondence between 𝑠 and the scales it adapts.

𝑠 Wood et al. [44] van de Pol et al. [39], degree of control

0 none 1 general verbal encouragement 1–3 no new content (split by the response elicited)
1 locus 2 specific verbal information (what to look at) 4 new content with a hint or suggestive question
2 operation 2 4
3 expression 3–4 selecting or preparing materials (physical only) 4
4 value 5 demonstration 5 explanation or the answer

do not adopt the low-end distinctions of the classroom scale of van de Pol et al. [39], which grades levels 1–3 based on
whether a response is open, explanatory, or short. The answer-withholding instruction (C1) changes exactly that form,
since a tutor told not to give the answer asks instead of tells, so scoring by form would turn the effect of that condition
into a coding artefact. Levels 1–3 therefore merge into 𝑠 = 0. Third, we refine the high end: the range that van de Pol’s
scale treats as one level (level 4, new content with a hint) becomes three levels, because how much of the task is given
is the quantity our research question concerns.

B.4 Judge protocol and agreement with the author’s labels

We give the remaining details of the judge’s scoring here, beyond the definition of §4.2. A question that states the value
counts as a reveal; one that leaves the value unsaid stays at level 3. A turn that names the operation and also gives
the expression is level 3: the highest field counts. A turn that repeats a value or an expression the student has just
given adds nothing new, so it is scored by whatever else it does. A turn that computes only part of a composite step
(“4 × 13 = 52” in a step worth 4 × 13 + 8) gives more than the expression but not the answer, and is level 3.

The first author labelled 120 tutor turns from four of the 40 items, 40 per tutor over all probes and conditions,
stratified by the judge’s level and blind to tutor, condition and probe. The judge agrees with these labels on 92% of turns
exactly and on 98% within one level (linearly weighted 𝜅 = 0.93); 𝜅 is 0.94, 0.94 and 0.92 for the three tutors, 0.91 after a
failure and 0.96 after a success. Table 7 gives the judge’s levels against the author’s.

Table 7. Author’s level (rows) against the judge’s level (columns) on the 120 labelled turns.

0 1 2 3 4

0 21 0 0 0 0
1 1 24 3 0 0
2 1 0 20 3 0
3 1 0 1 21 0
4 0 0 0 0 24

C Further Results

C.1 Scripted misconceptions that are correct intermediate values

Of the 6,480 scripted misconception turns, 1,710 use a value that is a correct intermediate result of the step, which a
tutor may take as a success. Table 8 gives the reveal and raise shares with and without these turns. The conclusions of
§5 hold without them.
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Table 8. Reveal and raise shares per scored failure transition, as reported (main) and without the scripted misconception turns whose
value is a correct intermediate result of the step.

Reveal Raise

Tutor Cond. main without main without

Claude C0 0.11 0.12 0.43 0.44
Claude C1 0.02 0.03 0.49 0.48
Claude C2 0.05 0.05 0.45 0.46
Gemini C0 0.06 0.06 0.49 0.49
Gemini C1 0.01 0.01 0.53 0.53
Gemini C2 0.11 0.12 0.51 0.51
GPT C0 0.84 0.92 0.14 0.06
GPT C1 0.05 0.06 0.48 0.46
GPT C2 0.50 0.58 0.36 0.30

C.2 The response to a failure (§5.2)

Table 9 gives the four outcomes of Figure 3 with their 95% intervals, Table 10 the outcomes by failure type, and Table 11
the first failure of a problem against the later ones.

Table 9. The numbers behind Figure 3: the four outcomes per scored failure transition on P1–P4 with 95% intervals, the number
scored, the censoring rate, and the mean level over every turn (reveal turns and those after them included) and over the turns before
the first reveal that do not give the answer.

mean level

Tutor Cond. 𝑛 reveal raise hold lower censored every turn no answer

Claude C0 732 0.11 [0.09, 0.13] 0.43 [0.41, 0.46] 0.34 [0.30, 0.38] 0.12 [0.10, 0.14] 0.18 1.77 1.61
C1 851 0.02 [0.02, 0.04] 0.49 [0.46, 0.52] 0.30 [0.26, 0.34] 0.19 [0.17, 0.20] 0.02 1.26 1.22
C2 820 0.05 [0.03, 0.06] 0.45 [0.43, 0.48] 0.36 [0.33, 0.40] 0.14 [0.12, 0.16] 0.05 1.52 1.45
C3 813 0.06 [0.04, 0.07] 0.45 [0.43, 0.48] 0.36 [0.32, 0.39] 0.14 [0.12, 0.15] 0.06 1.55 1.45
C4 817 0.06 [0.05, 0.08] 0.45 [0.43, 0.47] 0.36 [0.33, 0.40] 0.12 [0.10, 0.14] 0.05 1.59 1.49

Gemini C0 811 0.06 [0.04, 0.07] 0.49 [0.46, 0.52] 0.34 [0.30, 0.37] 0.12 [0.10, 0.14] 0.05 1.64 1.55
C1 863 0.01 [0.00, 0.02] 0.53 [0.51, 0.55] 0.29 [0.27, 0.32] 0.17 [0.15, 0.19] 0.01 1.27 1.25
C2 764 0.11 [0.10, 0.12] 0.51 [0.49, 0.53] 0.31 [0.27, 0.34] 0.07 [0.05, 0.09] 0.07 1.75 1.57
C3 824 0.04 [0.02, 0.05] 0.55 [0.53, 0.57] 0.27 [0.25, 0.30] 0.14 [0.12, 0.16] 0.04 1.16 1.09
C4 775 0.10 [0.08, 0.11] 0.53 [0.51, 0.56] 0.29 [0.26, 0.32] 0.08 [0.06, 0.09] 0.07 1.34 1.14

GPT C0 256 0.84 [0.80, 0.89] 0.14 [0.11, 0.18] 0.01 [0.00, 0.03] 0.00 [0.00, 0.01] 0.70 2.77 1.84
C1 834 0.05 [0.03, 0.06] 0.48 [0.46, 0.50] 0.33 [0.30, 0.36] 0.15 [0.13, 0.17] 0.03 1.76 1.70
C2 363 0.50 [0.45, 0.56] 0.36 [0.32, 0.39] 0.12 [0.09, 0.16] 0.02 [0.00, 0.03] 0.43 2.58 1.97
C3 496 0.33 [0.29, 0.37] 0.41 [0.38, 0.44] 0.23 [0.20, 0.26] 0.03 [0.01, 0.05] 0.29 2.30 1.85
C4 361 0.51 [0.46, 0.56] 0.36 [0.33, 0.39] 0.11 [0.08, 0.15] 0.02 [0.00, 0.04] 0.45 2.51 1.89

C.3 Holding out under repeated failure (§5.3)

Table 12 gives the shares of Figure 4 by turn. Table 13 gives the four outcomes at P2’s fourth turn, over its turns 4–6,
and at P5’s first failure. The two cells that differ are Claude under the answer-withholding prompt, which holds more
often on P5, and GPT under the raise-on-failure instruction, which raises more often.
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Table 10. The four outcomes per scored failure transition, by the scripted type of the failure.

Tutor Cond. Failure 𝑛 reveal raise hold lower

Claude C0 misconception 470 0.09 0.46 0.33 0.12
slip 70 0.23 0.10 0.31 0.36
no attempt 192 0.11 0.49 0.37 0.02

Claude C1 misconception 544 0.01 0.52 0.30 0.17
slip 78 0.10 0.22 0.23 0.45
no attempt 229 0.02 0.52 0.32 0.14

Claude C2 misconception 525 0.02 0.48 0.36 0.14
slip 77 0.19 0.19 0.30 0.31
no attempt 218 0.06 0.49 0.38 0.07

Gemini C0 misconception 517 0.03 0.54 0.33 0.09
slip 75 0.17 0.13 0.37 0.32
no attempt 219 0.07 0.50 0.33 0.10

Gemini C1 misconception 551 0.01 0.53 0.32 0.14
slip 77 0.01 0.23 0.25 0.51
no attempt 235 0.01 0.62 0.25 0.12

Gemini C2 misconception 483 0.04 0.60 0.29 0.06
slip 71 0.25 0.07 0.48 0.20
no attempt 210 0.21 0.45 0.29 0.05

GPT C0 misconception 176 0.77 0.21 0.02 0.01
slip 0 – – – –
no attempt 80 1.00 0.00 0.00 0.00

GPT C1 misconception 536 0.01 0.50 0.33 0.16
slip 80 0.23 0.25 0.23 0.30
no attempt 218 0.06 0.51 0.36 0.07

GPT C2 misconception 272 0.45 0.40 0.13 0.02
slip 6 0.50 0.00 0.50 0.00
no attempt 85 0.66 0.26 0.07 0.01

Table 11. Reveal share on the first turn and on turns 2–6 of the probes that open with a failure (P2–P4), with 95% intervals.

Reveal

Tutor Cond. turn 1 turns 2–6

Claude C0 0.16 [0.12, 0.20] 0.08 [0.06, 0.10]
Claude C1 0.00 [0.00, 0.01] 0.03 [0.02, 0.05]
Claude C2 0.02 [0.00, 0.04] 0.06 [0.04, 0.08]
Gemini C0 0.02 [0.00, 0.03] 0.07 [0.05, 0.09]
Gemini C1 0.01 [0.00, 0.02] 0.01 [0.01, 0.02]
Gemini C2 0.01 [0.00, 0.03] 0.15 [0.14, 0.17]
GPT C0 0.85 [0.80, 0.89] 0.76 [0.63, 0.93]
GPT C1 0.00 [0.00, 0.00] 0.06 [0.05, 0.08]
GPT C2 0.47 [0.40, 0.54] 0.56 [0.48, 0.65]

C.4 Lowering after a success (§5.4)

Table 14 gives lowering after a success against after a failure for every cell.
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Table 12. The numbers behind Figure 4: share of P3 dialogues in which the tutor has given the answer by turn 𝑘 , 80 dialogues per cell.

answered by turn 𝑘

Tutor Cond. 1 2 3 4 5 6

Claude C0 0.06 0.10 0.13 0.33 0.44 0.44
C1 0.00 0.01 0.03 0.13 0.16 0.23
C2 0.00 0.03 0.04 0.23 0.34 0.36
C3 0.00 0.04 0.05 0.19 0.30 0.36
C4 0.00 0.01 0.01 0.16 0.39 0.44

Gemini C0 0.00 0.06 0.06 0.23 0.40 0.50
C1 0.00 0.03 0.04 0.05 0.06 0.09
C2 0.00 0.05 0.11 0.34 0.84 0.95
C3 0.00 0.06 0.06 0.19 0.26 0.31
C4 0.00 0.03 0.08 0.29 0.74 0.85

GPT C0 1.00 1.00 1.00 1.00 1.00 1.00
C1 0.00 0.00 0.00 0.23 0.29 0.33
C2 0.68 0.85 0.93 0.96 0.99 0.99
C3 0.40 0.51 0.64 0.89 0.96 0.98
C4 0.70 0.85 0.93 1.00 1.00 1.00

Table 13. The four outcomes per scored transition at P2’s fourth turn, over P2’s turns 4–6, and at the first failure of the control P5
(turn 3); 𝑛 is the number scored.

P2, turn 4 P2, turns 4–6 P5, turn 3

Tutor Cond. 𝑛 reveal raise hold lower 𝑛 reveal raise hold lower 𝑛 reveal raise hold lower

Claude C0 59 0.00 0.51 0.37 0.12 176 0.05 0.33 0.51 0.11 61 0.02 0.46 0.41 0.11
Claude C1 79 0.00 0.44 0.37 0.19 237 0.01 0.37 0.42 0.20 80 0.00 0.25 0.60 0.15
Claude C2 77 0.00 0.40 0.49 0.10 230 0.02 0.31 0.54 0.13 80 0.00 0.41 0.41 0.18
Claude C3 73 0.00 0.48 0.44 0.08 219 0.02 0.32 0.53 0.13 78 0.00 0.49 0.36 0.15
Claude C4 75 0.00 0.51 0.40 0.09 223 0.04 0.34 0.51 0.12 80 0.00 0.44 0.49 0.08
Gemini C0 77 0.00 0.61 0.34 0.05 231 0.00 0.38 0.51 0.11 80 0.00 0.68 0.30 0.03
Gemini C1 79 0.00 0.49 0.39 0.11 237 0.00 0.44 0.40 0.16 79 0.00 0.46 0.41 0.14
Gemini C2 77 0.00 0.69 0.30 0.01 231 0.02 0.41 0.48 0.09 80 0.00 0.61 0.28 0.11
Gemini C3 77 0.00 0.69 0.27 0.04 230 0.00 0.53 0.38 0.08 80 0.00 0.75 0.20 0.05
Gemini C4 75 0.00 0.73 0.21 0.05 225 0.00 0.50 0.40 0.09 80 0.00 0.74 0.21 0.05
GPT C0 13 0.69 0.15 0.08 0.08 17 0.76 0.12 0.06 0.06 16 0.63 0.19 0.13 0.06
GPT C1 80 0.00 0.41 0.45 0.14 237 0.05 0.32 0.49 0.15 80 0.00 0.36 0.44 0.20
GPT C2 50 0.52 0.12 0.34 0.02 79 0.57 0.10 0.28 0.05 64 0.44 0.36 0.20 0.00
GPT C3 56 0.23 0.34 0.43 0.00 128 0.38 0.21 0.40 0.02 73 0.22 0.41 0.32 0.05
GPT C4 42 0.40 0.38 0.17 0.05 79 0.46 0.24 0.25 0.05 65 0.43 0.43 0.11 0.03

C.5 Summaries and reference policies (§5.5)

Table 15 gives the compliance rate, the four outcomes after a failure and the difference of Eq. (2) for the reference
policies; Table 16 gives the reveal rate at the first and the fifth “I do not know” of P6.

Manuscript submitted to ACM



1197

1198

1199

1200

1201

1202

1203

1204

1205

1206

1207

1208

1209

1210

1211

1212

1213

1214

1215

1216

1217

1218

1219

1220

1221

1222

1223

1224

1225

1226

1227

1228

1229

1230

1231

1232

1233

1234

1235

1236

1237

1238

1239

1240

1241

1242

1243

1244

1245

1246

1247

1248

24 Anon.

Table 14. Lowering after a success (S) and after a failure (F) on P1–P4, previous level 1–3: 𝑛, the share lowered, the share raised after a
success, and the difference S − F of Eq. (2) with its 95% interval.

after S after F

Tutor Cond. 𝑛 lowered raised 𝑛 lowered S − F

Claude C0 397 0.46 0.19 399 0.22 +0.24 [+0.16, +0.33]
C1 474 0.45 0.16 452 0.35 +0.10 [+0.03, +0.16]
C2 470 0.45 0.19 445 0.25 +0.20 [+0.13, +0.26]
C3 453 0.45 0.19 450 0.25 +0.21 [+0.14, +0.27]
C4 464 0.48 0.19 456 0.22 +0.26 [+0.20, +0.31]

Gemini C0 518 0.32 0.25 493 0.19 +0.13 [+0.06, +0.19]
C1 505 0.33 0.21 501 0.29 +0.04 [−0.03, +0.10]
C2 520 0.33 0.28 476 0.12 +0.21 [+0.16, +0.26]
C3 359 0.60 0.07 466 0.24 +0.36 [+0.30, +0.41]
C4 364 0.56 0.10 455 0.13 +0.43 [+0.37, +0.49]

GPT C0 125 0.25 0.26 15 0.07 +0.18 [−0.07, +0.33]
C1 503 0.21 0.19 519 0.24 −0.03 [−0.08, +0.03]
C2 365 0.27 0.24 108 0.06 +0.20 [+0.13, +0.28]
C3 421 0.26 0.31 230 0.07 +0.19 [+0.12, +0.27]
C4 336 0.29 0.25 111 0.06 +0.22 [+0.14, +0.31]

Table 15. The three reference policies of §4.5 on their exact levels. Compliance: the pooled rate of §5.5 (a success with support already
at level 0 and the success on an item’s last step left out). After a failure: the four outcomes per scored failure transition. Last column:
the difference of Eq. (2), undefined for the teller. Last three rows: the tutors in the baseline, compliance with its 95% interval.

After a failure

Policy Behaviour Compliance reveal raise hold lower Eq. (2)

Graded follows the normwithin levels 1–3, never
answers

0.77 0.00 0.73 0.27 0.00 +1.00

Teller always the answer 1.00 1.00 0.00 0.00 0.00 –
Shuffle the oracle’s levels in an order unrelated

to the student
0.46 0.05 0.34 0.44 0.18 +0.01

Claude baseline (C0) 0.51 [0.48, 0.54] 0.11 0.43 0.34 0.12 +0.24
Gemini baseline (C0) 0.46 [0.44, 0.48] 0.06 0.49 0.34 0.12 +0.13
GPT baseline (C0) 0.74 [0.68, 0.79] 0.84 0.14 0.01 0.00 +0.18
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Table 16. P6: share of scored failures answered with the value at the first and at the fifth consecutive “I do not know” (turns 2 and 6),
the number scored at the fifth, and the fifth minus the first with its 95% interval.

Tutor Cond. 𝑗 = 1 𝑗 = 5 𝑛5 𝑗5 − 𝑗1

Claude C0 0.00 0.04 54 +0.04 [0.00, +0.10]
Claude C1 0.00 0.05 76 +0.05 [0.00, +0.13]
Claude C2 0.00 0.04 76 +0.04 [0.00, +0.09]
Claude C3 0.01 0.05 65 +0.03 [−0.02, +0.10]
Claude C4 0.01 0.03 72 +0.01 [−0.03, +0.07]
Gemini C0 0.00 0.53 47 +0.53 [+0.37, +0.69]
Gemini C1 0.00 0.00 77 0.00 [0.00, 0.00]
Gemini C2 0.00 0.63 16 +0.63 [+0.31, +0.94]
Gemini C3 0.00 0.39 61 +0.39 [+0.26, +0.52]
Gemini C4 0.00 0.71 17 +0.71 [+0.50, +0.94]
GPT C0 0.63 0.17 6 −0.46 [−0.83, +0.19]
GPT C1 0.00 0.05 74 +0.05 [+0.01, +0.11]
GPT C2 0.56 0.50 8 −0.06 [−0.43, +0.30]
GPT C3 0.39 0.00 3 −0.39 [−0.50, −0.29]
GPT C4 0.57 0.13 8 −0.44 [−0.68, −0.03]
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