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Abstract

LLMs increasingly excel on Al benchmarks,
but doing so does not guarantee validity for
downstream tasks. This study contrasts LLM
alignment on benchmarks, downstream tasks,
and, importantly the intended impact of those
tasks. We evaluate the performance of leading
LLMs (i.e., generative pre-trained base models)
on difficult-to-verify tasks of the teaching and
learning of schoolchildren. Across all LLMs,
inter-model behaviors on disparate tasks cor-
relate higher than they do with expert human
behaviors on target tasks. These biases shared
across LLMs are poorly aligned with down-
stream measures of teaching quality and of-
ten negatively aligned with the intended im-
pact of student learning outcomes. Further, we
find multi-model ensembles, both unanimous
model voting and expert-weighting by bench-
mark performance, further exacerbate misalign-
ment with learning. We measure that selection
of LLM and/or prompting strategy only reliably
accounts for 15% of all measured misalignment
error and that variation in misalignment error is
shared across LLMs, suggesting that common
pretraining accounts for much of the misalign-
ment in these tasks. We demonstrate methods
for robustly measuring alignment of complex
tasks and provide unique insights into practical
applications of LLMs in high-noise contexts.

1 Introduction

Where is the wisdom we have lost in
knowledge? Where is the knowledge we
have lost in information? (Eliot, 1934)

Large language models (LLMs) now exhibit
striking competence on benchmarks that opera-
tionalize knowledge: answering questions, repro-
ducing domain vocabulary, and generating fluent
explanations. We have also seen rapidly growing
optimism about using LLMs for tasks that require
more than static Q&A, such as scientific discovery
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Figure 1: Cascading levels of inference found in LLM
development and evaluation and a parallel adaption of
Ackoff’s progression (Ackoff, 1989; Rowley, 2007)

and hypothesis generation (Xin et al., 2025; Ya-
mada et al., 2025; Gottweis et al., 2025; Swanson
et al., 2025; Cong et al., 2025). Yet recent work in
this area highlights failure modes that are not well-
captured by standard evaluation: overconfidence in
interpreting evidence, brittle multi-step inference,
and performance plateaus that appear tied to shared
pretraining distributions rather than to idiosyncratic
architectures (Song et al., 2025; Alampara et al.,
2025; Mirza et al., 2025; Kim et al., 2025; Kalai
et al., 2025). Such limitations increase when tasks
move downstream, away from ‘“correct answers”
and toward some intended impact in the world.

The research of LLMs-in-scientific-discovery
studies illustrates a gap between benchmarks and
downstream tasks that is not reserved for pres-
tigious tasks that are difficult for scientific ex-
perts. This paper uses similarly rigorous methods
to study what might be considered a simpler do-
main than frontier scientific discovery—elementary
classrooms—but one that makes the same scientific
point sharply: impressive language competence
does not guarantee that a model’s judgments align
with the implied construct of interest. Classroom
instruction is an archetypal high-stakes, high-noise
setting where quality may be inferred from unstruc-
tured discourse text and where the ultimate objec-
tive is delayed: student learning. Yet, in ways simi-
lar to many application areas, annotated classroom
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discourse is effectively absent from the Internet
text! that dominates LLM pretraining, raising gen-
eralization questions about what is attributable to
pretraining or LLM idiosyncrasies: what shared
behaviors do LLMs exhibit when asked to perform
an exceptionally uncommon task with respect to
their training data?

1.1 From proxy evaluation to intended impact

The hierarchies of inference in generative Al eval-
uations can be represented as a series of cascad-
ing proxies: easier measures acting in place of the
true desired outcome (Fig. 1). In children’s ed-
ucation settings, common proxy criteria, such as
(non-student) user preference (Jurenka et al., 2024;
Kornell et al., 2024), are potentially informative but
incomplete, because proxies can be optimized with-
out improving schooling’s intended impact: student
growth. This concern mirrors the literature in other
disciplines such as coding and scientific-discovery,
where strong performance on question-answering
benchmarks (e.g., GPQA, Rein et al. 2023; MMLU-
Pro, Wang et al. 2024) can coexist with weaknesses
on tasks that are required to deploy real code or con-
duct real science (Becker et al., 2025; Song et al.,
2025; Alampara et al., 2025; Mirza et al., 2025;
Kim et al., 2025; Kalai et al., 2025). We posit that
there are many other domains with congruent gaps.
In education, we observe that models may repro-
duce the language of effective pedagogy without
tracking the features of instruction that causally
support learning.

As it is for such application areas, standard
Al benchmarks, which are typically focused on
question-answering or tasks with discrete solu-
tions, are ill-suited for the nuanced, generative,
and high-stakes nature of educational applications
(Gehrmann et al., 2022; Hu and Levy, 2023; Zhou
et al., 2023a, 2024; Kim et al., 2024; Wu and Aji,
2023; Reuel et al., 2024; Hardy, 2026). In this
setting, one could build Al systems that act peda-
gogically sound while failing to identify teaching
practices that actually improve achievement, risk-
ing deploying technologies that are not only inef-
fective but potentially harmful to student learning
(Bastani et al., 2024; Shein, 2024; Rismanchian
et al., 2026; Lee et al., 2024).

To avoid these pitfalls, we use two external crite-
ria that, to our knowledge, have only been linked
by one other LLM study (Hardy, 2025a): (i) Down-

Isee Limitations in 6.

stream Task, which is expert human observation
annotations using real-world instructional instru-
ments, and (ii) Intended Impact through value-
added measures (VAMs) of long-term student
achievement gains for those same classrooms. The
latter is considered the “gold standard” for measur-
ing impact on student learning. Methodologically,
we treat both as alignment targets: alignment with
the downstream task (expert ratings of teaching
practice) and alignment to the intended impact (pre-
dicting which classrooms produce greater learning
gains). A primary contribution at the intersection
of LLMs and classrooms, it evaluates LLMs using
outcome-based criteria rather than human prefer-
ence alone (see sections 4.2 and 4.1).

High-level Trends Across analyses in the present
study, a consistent picture emerges that parallels
recent results in other disciplines: models can con-
verge on confident, mutually reinforcing judgments
that are poorly tethered to the underlying target. In
classrooms, “knowledge” of pedagogical concepts
does not reliably translate into the “wisdom” to
discern what is relevant to human student learning.

1.2 Contributions to High-noise Contexts

The study provides several important contributions
to the current study of applied LLMs. First, it
directly quantifies a novel gap between LLM ex-
ecution of downstream tasks and the intended im-
pact (see section 5.2). Then, using ensembling,
we test whether LLM idiosyncratic competence
(by weighting models by “pedagogy expertise” on
benchmarks) or shared pretraining (by using con-
sensus/unanimity) mitigates misalignment. Finally,
we decompose the variance in misalignment at-
tributable to the two levers practitioners most often
control, model choice and prompt choice, with a
method that can be generalized to other alignment
studies.

A key contribution is the general methodological
framework we use for measuring LLM alignment
in high-noise contexts where strong experimental
controls may not be feasible:

1. Correlate behaviors across space of gener-
alization: Demonstrate correlation of behav-
iors across the types of models, prompting
and post-training techniques, environments,
and/or harnesses across which we hope to gen-
eralize desired downstream tasks. § 3.1

2. Measure best-proxy alignment: Mea-
sure (mis)alignment on downstream tasks.
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Figure 2: Task Data and Experimental Design. Each
LLM is provided classroom transcripts. Using several
prompting techniques for each model, LL.Ms place an
ordinal rating on the quality on an aspect of teaching
and learning. This is done across seven distinct tasks.
We evaluate for alignment of LLM values, and not for
accuracy, when comparing the relative ranking provided
by each LLM on each task with human experts and with
student learning gains for the class.

Kendall’s 7 is a simple, strong option that
can be estimated with any datatype. § 3.2

3. Determine impact alignment: Data repre-
senting intended impact may have time-delays
after the original downstream tasks or may
have grain-size mismatches. For high-noise
contexts, establish real-world baselines using
best available predictors to be able to discern
meaningful and practical reference points for
comparison. § 3.2

4. Decompose the error: decompose misalign-
ment error variance across the space of gen-
eralization (Meehl, 1990; Brennan, 2001b) to
quantify contributions to the error. § 3.3

2 Experimental Design

Using transcripts from primary school mathemat-
ics classrooms, we prompt a suite of 16 leading
LLMs to assign ordinal ratings based on a rubric
(Fig. 2) where each transcript is evaluated across
multiple observation dimensions. We then measure
the directional alignment between (a) LLM scores
with expert human ratings on the same dimensions
and (b) LLM scores with VAMs. Because primary
school discourse is effectively absent from pretrain-
ing, we can measure how well models generalize
to a mismatched distribution.

For each classroom lesson in our test set, we
provide multiple LLMs with a transcript segment.

The models are prompted to perform seven distinct
tasks, each focused on a different dimension of
teaching and learning (details in Section 4). We
first use the bias-corrected squared distance cor-
relation dCor? to measure any deviation from in-
dependence between the ratings. Our core align-
ment analysis compares pairwise directionality: we
assess whether expert human ratings or student
learning data also lesson pairs in the same order as
LLMs. This approach, which evaluates the align-
ment of second-moment rank-based information,
provides a direct and robust measure of alignment
that is insensitive to variations in rating distribu-
tions and allows for authentic baseline comparisons.
We then use multiple ensemble methods to am-
plify/attenuate shared misalignment signals. To
understand the sources of misalignment, we struc-
turally decompose observed misalignment errors by
the variables in our space of generalization: LLM,
prompting strategy, item/task, and class transcript.

3 Methods

Even among other high-noise contexts, evaluation
of educational applications is particularly challeng-
ing (Kraft, 2020; Jurenka et al., 2024) and, at best,
is based on noisy instruments (McCaffrey et al.,
2009; Kane and Staiger, 2012; Kane et al., 2013;
Hardy, 2024) measuring latent constructs (Messick,
1995; Hill et al., 2012a) and questionable data qual-
ity (Ho and Kane, 2013; Xu et al., 2024). Our
methodology is designed to measure the alignment
between the relative ordering of teaching quality
as judged by LLMs, expert humans, and student
learning outcomes. We eschew direct comparisons
of absolute rating scores, which are susceptible to
noise and idiosyncratic scale use by both humans
and models. Instead, we treat LLM ordinal out-
puts as Thurstonian indicators of their pedagogical
values by focusing on pairwise concordance, a ro-
bust measure of directional agreement, inspired by
research on Al safety and utility (Mazeika et al.,
2025; Huang et al., 2025).

3.1 Measuring dependence with dCor%

To measure any amount of dependence between ob-
servations, including nonlinear and nonmonotonic,
we use the Bias Corrected Squared Distance Cor-
relation (Székely et al., 2007; Szekely and Rizzo,
2014) to determine the strength of the relationships
between tasks and raters. We report the average
squared correlations disaggregated by relationship
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type in Figure 3. Inter-LLM specific patterns of
shared behavior are more visually striking in Figs.
10 and 11. Additional details are in Appendix E.1.

3.2 Measuring alignment with Kendall’s 7

To formalize this concept of alignment, we employ
Kendall’s 7, a nonparametric and robust measure
of concordance (Kendall, 1945; Bishara and Hit-
tner, 2017). We reconstruct its formulation here to
motivate it as an intuitive and precise measure of
alignment between two sets of scores, such as those
from an LLM, z, and an outcome metric, y (e.g.,
expert scores or student learning gains). Consider
a set of n lessons. For any pair of distinct lessons,
indexed by ¢ and j, we can evaluate whether the
ratings from source = and source y agree on their
relative order:

LILM X rates lesson i as better than lesson j:
x; > xj. Does this align with human experts Y,
yi > y; 7 Does this align with student learning Z
associated with each lesson, z; > z;?

Adding brackets as indicator functions we get:
Tij = [xj > 1’1] — [.%'j < .%'Z] and Yij = [yj >
yi] — [y; < v;] where the alignment between x
and y for two lessons is simply the product ;;y;;.
All pairwise comparisons between lesson ratings
from LLM X and some outcome Y are collected
into the antisymmetric matrices X = (z;;) and
Y = (yij), respectively. Measuring alignment be-
tween X and Y is the aggregation of all pairwise
directional alignments (is lesson ¢ better than j)
across all lessons:> 7xy = (X, Y)p /|| X||r||Y ||r
where (-, -)p and || - || are the Frobenius inner prod-
uct and Frobenius norm, respectively. This formula-
tion mathematically mirrors the needs of the align-
ment question, and does so by reducing the sensitiv-
ity to noise in the ratings. This scale-independent
approach allows us to establish meaningful real-
world baselines, such as using a teacher’s years of
experience or a prior VAM as the ratings (Fig. 4).

3.3 Decomposing error variance

Aggregate misalignment metrics (correlations,
mean error) do not reveal why LLMs fail: the same
overall error can be produced by (i) fixable imple-
mentation choices (model selection, prompting),
(ii) shared, systemic biases that persist across mod-
els, or (iii) transcript- and construct-specific diffi-
culties. To localize failure modes, we structurally
decompose the observed misalignment error into

2Confidence intervals are computed using the correction
from (Fieller et al., 1957)

fully crossed variance components associated with
each facet of our evaluation design.

Let ¢ € C index classroom transcript segments
(observations), ¢ € Z rubric items, m € M founda-
tion models, and p € P prompt families. For each
cell (¢,i,m,p) we observe a standardized LLM
score X, cimp and an aligned (pre-standardized)
value-added outcome Y. The (unsigned) misalign-
ment error is the squared difference

écimp = (Xcimp - Yc)2 (1)
We then fit a fully crossed random-effects model
(Generalizability Theory; Brennan, 2001b) that
partitions €., into main effects and interac-
tions among {OBS = ¢, ITEM = i, LLM =
m, PROMPT = p}:

écimp = p+ Z Vo + Neimp, (2)
P#aC{c,i,m,p},|a|<3

where each v, ~ N(0,02) is a mean-zero random
effect for facet set «v, and 7¢ipmp ~ N (0, O'%) is the
cell-specific remainder comprised of the four-way
interaction confounded with residual noise.

For each component k we report its variance
share T, = oi/ol, (Eq. 6), which quanti-
fies how much of the misalignment landscape
is attributable to (a) developer-controlled levers
(LLM, PROMPT, and their interactions) versus (b)
evidence- and construct-conditioned effects (OBS,
ITEM, and interactions). Appendix D provides the
full model specification, estimation details, code,
sign-preserving variants, and a decision-study anal-
ysis for how many models/prompts are needed to
stably recover the shared misalignment signal.

4 Data

All data used in this study originate from publicly
available sources, ensuring the reproducibility of
our findings. The core dataset is from the National
Center for Teacher Effectiveness (NCTE) Main
Study (Kane et al., 2015), a landmark project that
collected extensive data on teaching and learning
over three years. The NCTE dataset comprises ob-
servations of roughly 350 4th and 5th-grade math-
ematics teachers across four U.S. school districts.
It is one of two educational datasets that contains
measures of teaching practice, authentic classroom
artifacts, and student learning outcomes at scale
(VAMs).

46835



4.1 Classrooms and downstream task
observation instruments

Our primary input for the LLMs are anonymized
transcripts (Demszky and Hill, 2022) of video-
recorded classroom lessons using the test set de-
fined by (Wang and Demszky, 2023). Human
raters (Kane et al., 2015) rated lessons by watching
the videos. These same lessons were previously
evaluated by teams of expert human raters using
two validated, multi-dimensional observation in-
struments currently used in the field: Mathemat-
ical Quality of Instruction (MQI): A content-
specific framework for evaluating the richness and
precision of mathematics instruction (Hill et al.,
2008) and Classroom Assessment Scoring Sys-
tem (CLASS): A framework for assessing general
dimensions of classroom quality, including behav-
ior management and class climate (Pianta et al.,
2008). The 63 MQI raters were recruited for their
mathematics instruction expertise and underwent
rigorous certification and continual calibration to
ensure scoring reliability, a practice also used with
the 19 CLASS raters (Blazar et al., 2017; Kane
et al., 2015). The expert scores from these instru-
ments serve as our first target for LLM alignment.’

4.2 VAMs: Value-added to student learning

To connect model outputs to the intended impact of
teaching, we use value-added measures (VAMs) of
student learning. VAMs are widely considered the
gold standard for statistically estimating a teacher’s
causal effect on student achievement gains (Bacher-
Hicks et al., 2017, 2019; Kane and Staiger, 2012).
A VAM quantifies how much a teacher’s students
grew academically over a school year compared to
their expected growth, controlling for prior achieve-
ment, context, peer effects, and other student-level
covariates. The NCTE dataset provides multiple
high-quality VAM scores for each teacher. Follow-
ing established practice (Kane and Staiger, 2012),
we use stacked VAMs (Apdx. E.2, Kane et al.,
2015) for each teacher-year corresponding to the
observed lesson estimate of a teacher’s contribu-

*Human rater data:https://www.icpsr.umich.edu/
web/ICPSR/studies/36095/datadocumentation;  Tran-
scripts are available for 1,600 of the lessons (Dem-
szky and Hill, 2022) https://github.com/ddemszky/
classroom-transcript-analysis; replication  test
set and prompts https://github.com/rosewang2008/
zero-shot-teacher-feedback. Full replication LLM
output for this study can be found https://drive.google.
com/file/d/1fP7xyKasJ4Ui6di-S1Y3TLdANQCeg59Tr/
view?usp=sharing

tion to student learning. Crucially, our evaluations
assume that improved teaching practices are pos-
itively associated with improved gains to student
learning, in aggregate and on average, even if all
sources of noise cannot be removed. To our knowl-
edge, this is the first study to use VAMs as a bench-
mark for evaluating generative LLMs.

5 Results and Discussion

5.1 The convergent bias of foundation models

A noteworthy result is the striking behavioral ho-
mogeneity of LLMs when evaluating classroom
transcripts. As summarized in Figure 3, different
models’ ratings are substantially more correlated
with one another than with expert human ratings,
both within the same task and across different in-
structional tasks.

Two patterns are especially notable. First, LLM-
LLM agreement is consistently higher than
LLM-human agreement. Second, within- and
between-model inter-task correlations are high,
indicating that a model’s outputs for distinct in-
structional constructs (e.g., language support vs.
remediation) tend to move together more than ex-
pert ratings do. In other words, when confronted
with authentic classroom discourse, models appear
to rely on a shared latent heuristic of “good teach-
ing” that is not strongly anchored to the constructs
that human observers are trained to distinguish.

This convergence is plausibly explained by what
these systems share: an autoregressive pretraining
objective and large-scale Internet text. Authentic
elementary classroom discourse is largely absent
from such corpora, forcing generalization under
distribution shift. The resulting shared bias echoes
emerging evidence that, as models scale, their rep-
resentations and judgments can become increas-
ingly correlated across developers and architectures
(Kim et al., 2025; Ren et al., 2024; Huang et al.,
2025). The following section investigates whether
these model convergences are aligned.

5.2 Perils of proxy alignment

Figure 4 juxtaposes two forms of alignment for
each model and task: pairwise concordance cor-
relations with expert ratings (Ts;x, x-axis) and
with student learning gains (Ts,v, y-axis). The
central empirical finding is a systematic discon-
nect between these axes. Models that appear more
aligned to expert judgments are not correspond-
ingly aligned to learning, and in many cases, are
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Figure 3: Mean Inter-task Bias Corrected Squared Distance Correlations dCori : between LLMs and human
raters across different evaluation tasks. Top row: Same-task Correlation Mean inter-rater distance correlations
across transcripts for the same task and (bottom row: different task correlation) for different tasks using the
same transcript. (left: correlations with humans) Mean inter-rater distance correlations with expert human raters,
(center: correlations with other LL.Ms) with other LLMs, and (right: intramodel intertask correlations) each
LLM with itself. The top right is omitted for redundancy. Lines are standard errors for each estimated mean. Means
and SEs were computed under Fisher’s z transformation and back transformed to preserve variance. The complete
correlation matrix for each task and model are found in Figs. 10 and 11

more negatively associated with learning outcomes.
The magnitudes of the baselines are consistent with
the literature (McCaffrey et al., 2009; Kane and
Staiger, 2008, 2012) (see Appendix C.3).

This pattern constitutes a particularly consequen-
tial failure mode: proxy alignment without im-
pact alignment. A system can appear to “do
the job”—produce plausible, rubric-concordant
scores—while selecting classrooms that are worse
on the objective schooling ultimately values. This
mirrors the caution from scientific-discovery evalu-
ations: benchmark success can obscure fragility in
the behaviors that matter when evidence is messy
and objectives are implicit rather than explicitly la-
beled (Song et al., 2025; Zhou et al., 2023a, 2024).

We also observe the converse: some smaller
or older models occasionally show slightly better
TS;Y while exhibiting weaker 7g e Qualitative
inspection of failures suggests these cases often re-
flect task noncompliance: rather than applying the
intended rubric, models may latch onto superficial
transcript features that, coincidentally, correlate

with higher achievement gains in this sample. The
implication is that neither “sounding pedagogical”
nor matching expert observation scores is sufficient
evidence that the model has learned a transferable
representation of effective instruction.

We analyze whether additional test-time “rea-
soning” variants yield improvements analogous to
those experienced in many complex tasks. Com-
paring paired models sharing the same base (e.g.,
DeepSeek-R1 vs. DeepSeek-V3.1; and similarly
GPT-3.5-class vs. reasoning-oriented variants), we
find no measurable improvement on either axis
of alignment in Figure 4. Findings comparing the
chain-of-thought prompt were similar. For class-
room evaluation, additional reasoning context win-
dow alone does not appear to repair the core mis-
match between model judgments and constructs
that predict learning gains.

5.3 Ensembling exacerbates misalignment

A natural response to noisy model behavior is en-
sembling. We evaluate two conceptually oppo-
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Figure 4: (Mis)alignment with Downstream Task (Teaching) and Intended Impact (Learning): The x-axes
measure the alignment of scores (Sy) from each LLM, ensemble, and baseline f with expert human ratings on
downstream tasks (X) on the quality of teaching skills in a given lesson: 75, x. Similarly, the y-axes measure
alignment with the value-added to learning via student achievement gains (Y'): 75,y . Each color-shape combination
represents a different rater family or baseline. Each column represents a specific instructional rating task, from (left
to right): CLBM, CLINSTD, LANGIMP, and REMED. Each row represents a distinct implementation scenario: Top
row (individual rating models) The 95% CI are shown for individual models. Middle row (Pedagogy Expertise
Weighted Ensembles) and Bottom row (Unanimous Vote Ensembles): The alignment correlations of all possible
model-prompt ensembles are represented by the density contours. The innermost contours represent the alignment
regions’ greatest ensemble performance density. For the bottom row ensembles, we amplify the shared signal by
only measuring observations where all three models are in agreement (See Appendix E.3). Baselines: the gray line
and shaded regions on CLBM and CLINSTD represent the estimate and confidence intervals from the human expert
rating alignment with student learning gains on the study’s joint test set. The green Encoder models (data from
(Hardy, 2024) and our own replications) are LMs but not LLMs, and they merely serve as a deep learning baseline
for possible alignment based on transcripts. The baseline of Teacher Experience represent pairwise comparisons
that always rank more experienced teachers higher than less experiened ones. For better plotting details, the “oracle”
VAM baseline which puts a higher value to teachers with higher prior year VAMs, is only displayed on the bottom
row. Random baselines (both uniform and stratified) predictably clustered around the origin and, with no real-world
example of this as a valid baseline, we exclude them from the plots.
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Table 1: Misalignment Shares: Proportion of Variation
in Squared Error by Source. Row partitions separate
main, second-order, and higher-order effect posterior
distributions.

Facet of Error Variation median MAD MAP 95% HDI
ITEM 0.08 0.08 0.03 [0.01,0.62]
LLM 0.07 0.04 0.06 [0.02,0.18]
OBS 0.02 0.01  0.02 [0,0.03]
PROMPT 0.02 0.03  0.00 [0,0.58]
ITEM:OBS 0.04 0.01  0.05 [0.01,0.06]
LLM:ITEM 0.03 0.01  0.03 [0.01,0.06]
LLM:OBS 0.00 0.00 0.00 [0,0]
LLM:PROMPT 0.02 0.0l  0.01 [0,0.04]
PROMPT:ITEM 0.01 0.01  0.00 [0,0.05]
PROMPT:OBS 0.00 0.00 0.00 [0,0]
LLM:ITEM:OBS 0.19 0.03 0.21 [0.05,0.23]
LLM:PROMPT:ITEM 0.03 0.0l 0.03 [0.01,0.05]
LLM:PROMPT:OBS 0.14 0.02 0.15 [0.04,0.17]
PROMPT:ITEM:OBS 0.02 0.00 0.02 [0.01,0.03]
LLM:PROMPT:IITEM:OBS +¢  0.24 0.04 0.26 [0.06,0.29]

site approaches: (i) a pedagogy-expertise-weighted
ensemble, where model votes are weighted by
pedagogical benchmark performance, highlighting
LLM uniqueness, and (ii) a unanimous-vote ensem-
ble, where we score only those instances where all
models agree, emphasizing shared signal (§E.3).
Neither strategy improves alignment with stu-
dent learning. Instead, both frequently worsen
TS,y especially on core instructional dimensions
such as remediation of student errors and behavior
management (Figure 4). This result has two impli-
cations. First, it suggests that benchmark-measured
pedagogical “knowledge” does not translate into
reliable recognition of effective pedagogy in au-
thentic discourse (i.e., the benchmark construct is
not externally valid for this downstream setting).
Second, it indicates that when models agree, they
may be amplifying a shared but flawed heuristic;
consensus is not evidence of correctness with cor-
related errors (Chen et al., 2024; Zhu et al., 2025).

5.4 Persistent artifacts of autoregression

What the decomposition tells us (and why we
need it). Aggregate metrics (e.g., mean error, cor-
relation) cannot distinguish fixable misalignment
from structural misalignment. Our fully crossed
variance decomposition over OBS (c), ITEM (2),
LLM (m), and PROMPT (p) localizes where mis-
alignment lives: in developer-accessible choices
(LLM, PROMPT), in the evidence and construct
being scored (OBS, ITEM), or in their interactions.
This turns a vague diagnosis (“the model disagrees
with VAM”) into an actionable one (‘“error is dom-
inated by transcript-conditioned interactions, so

model shopping and prompt iteration will not reli-
ably fix it”).

Model choice and prompt choice are weak levers.
Table 1 shows that the main effects of LLM
and PROMPT explain only a small portion of the
squared-error landscape (median shares 0.07 and
0.02), and even their interaction remains small
(median 0.02). If misalignment were caused by
a few deficient models or a single poor prompt-
ing recipe, these components would be large and
stable. Instead, the decomposition implies a more
sobering practical conclusion: swapping models
and prompts may change outcomes locally, but it is
unlikely to yield a reliable improvement in validity
against intended impact.

Prompting is brittle, not corrective. Although
the typical prompt effect is small, its posterior is
long-tailed (wide HDI despite a low median), in-
dicating prompt brittleness: prompts can occasion-
ally inject large error without delivering consistent
gains across transcripts. The risk is asymmetric:
prompt changes can produce dramatic “wins”’ on
a handful of cases while silently degrading perfor-
mance elsewhere, an often missed failure mode.

Misalignment concentrates in context-
conditioned interactions. The dominant
variance shares occur in higher-order inter-
actions that condition on the classroom text,
especially LLMXITEMxOBS (0.19) and
LLMxPROMPTxOBS (0.14), together with a
substantial cell-specific remainder (0.24). This is
the signature of a transcript-conditional failure
mode: models behave unpredictably on particular
kinds of instructional evidence. Scientifically, that
pattern is consistent with LLMs relying on latent
proxies (fluency, affect, participation cues, stylistic
norms) that are only loosely coupled to student
learning gains and whose influence varies with the
segment.

The direction of error is more shared than the
magnitude. Squared error é hides whether mod-
els over- or under-estimate impact. When we pre-
serve direction using the signed quadratic error é+
(Appendix D.2), the ITEMxOBS share increases
substantially (Table 5). This indicates that models
often drift in the same direction on the same item—
segment pair, even when they disagree stochasti-
cally about how large the error will be. In other
words, LLMs may look noisy at the surface, yet
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still share a coherent (and undesirable) inductive
bias about what “good teaching” looks like in text.

Implication: validity fails in regimes where
users most need reliability. Taken together,
these findings explain why surface-level interven-
tions underperform. The misalignment is largely
not a property of a single model or prompt; it is an
evidence-conditioned artifact that persists across
models and is revealed only when we ask about
intended impact. For high-stakes applications, this
motivates a different optimization target: reducing
the shared misalignment component (the part that
survives averaging over models/prompts), rather
than chasing occasional prompt-dependent gains
on fixed transcript sets.

6 Conclusion

This paper studies a common but under-
instrumented problem in contemporary NLP:
LLMs can exhibit strong internal agreement and
high apparent competence while failing to align
with the outcomes a domain actually values. Here,
we evaluate LLM-based scoring of classroom in-
struction against two external criteria: expert hu-
man observations (the downstream task) and value-
added measures (VAM) of student learning gains
(the intended impact). Across leading models and
prompting strategies, we find that (i) models con-
verge behaviorally, (ii) their convergence is mis-
aligned with intended impact, as alignment with
the downstream task is not a strong enough proxy,
and (iii) common ensembling and prompt engineer-
ing do not reliably repair the gap .

A key methodological contribution is a structural
decomposition that makes these failures measur-
able in high-noise regimes. Rather than treating
misalignment as a scalar, we model the observed er-
ror as arising from multiple, simultaneously operat-
ing facets—ITEM, OBS, LLM, and PROMPT—and
their interactions in a fully crossed design. This
variance decomposition changes what an evalua-
tion can claim. It supports a practitioner-relevant
statement of the form: how much of the observed
error is plausibly removable by changing imple-
mentation choices (model/prompt), and how much
persists as transcript-conditional, shared behavior
that will remain even if one “shops” for a better
model? In our data, the dominant error structure
concentrates in higher-order interactions involv-
ing the classroom evidence, with comparatively
small and brittle contributions from prompt and

model main effects. The implication is concrete:
when misalignment is concentrated in evidence-
conditioned interactions rather than in stable model
or prompt effects, iterative prompt engineering and
model substitution are unlikely to yield reliable
validity with respect to intended outcomes.

More broadly, the decomposition offers an eval-
uation template for other Al and NLP problems
where (a) labels are noisy, (b) the unit of predic-
tion mismatches the unit of impact, or (c) the true
target is only observable through delayed, aggre-
gated, or confounded measurements. Examples in-
clude human-centered summarization (where user
decisions matter more than ROUGE), clinical de-
cision support (where outcomes may occur weeks
or months later), content moderation (where harms
are downstream and partially unobserved), and pol-
icy or educational tools (where success is causal
and context-dependent). In such domains, chasing
marginal benchmark gains can be rational while
still missing the central scientific question: does
the system improve the world it is deployed in?

We therefore argue for a shift in evaluation prac-
tice. First, NLP evaluation should more often in-
clude an explicit intended-impact target—however
noisy—and should report uncertainty and sensitiv-
ity rather than only point estimates. Second, when
noise is unavoidable, the correct response is not
to abandon measurement, but to use designs and
estimands that are robust to it: multifacet decom-
positions, decision studies, hierarchical rater mod-
els, residualization and mediation analyses, and
pre-registered stress tests. Third, the community
should treat “high noise” not as a disqualifier for
rigorous work, but as a signal that the domain is
real: many high-stakes applications are difficult
precisely because outcomes are multi-causal, de-
layed, and imperfectly measured. We need to listen
more closely to measure the noise.

Finally, our results suggest a cautionary princi-
ple for applied LLM evaluation: knowledge without
wisdom is detectable. When models exhibit strong
consensus yet their shared error correlates poorly
or negatively with intended impact, scaling and
superficial alignment interventions are unlikely to
suffice. Progress will require methods and train-
ing signals that explicitly bind model judgments
to causal, downstream consequences, and evalu-
ation frameworks that can reveal when apparent
competence fails to translate into real-world bene-
fit. In short, LLLM evaluation should demonstrate
the wisdom that our very smart LLMs may lack.
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Limitations

Our central aim is methodological: to mea-
sure alignment between LLM-generated evalua-
tive scores and both expert ratings (a downstream
task target) and student learning gains (an intended-
impact target) under realistic noise. This design
necessarily inherits the constraints of education
measurement. Value-added measures (VAM) are
time-delayed measures of causal impact; transcript
segments are partial, lossy views of instruction; and
expert rubrics, while informative, exhibit nontrivial
rater disagreement. These limitations do not inval-
idate the study—they define the regime we seek
to operate in—but they bound the claims we can
make. Accordingly, we interpret variance decom-
position results as statements about where observed
misalignment concentrates under this measurement
system, not as a definitive census of all sources of
pedagogical effectiveness. We also emphasize that
our estimates are conditional on the sampled items,
segments, models, and prompt families; extend-
ing the universe of items, observation windows, or
prompting mechanisms could change component
magnitudes, even if the core inference about con-
trollable versus systemic error structure persists.

In the presence of low reliabilities observed by
human annotators, we echo that there is still sub-
stantial and meaningful information, even with
the measurement error found throughout education
contexts (Ho and Kane, 2013; McCaffrey et al.,
2015; Hardy, 2025a). The test set (Wang and Dem-
szky, 2023) may have unobserved confounding fac-
tors in its construction. To account for this, we
also investigated other methods of estimating these
effects given the complexity of the relationships. In
the extended Appendices F and G, we demonstrate
a multi-stage residualization of confounding and
mediating effects. We are pleased to report that our
conclusions of this paper are robust to and even are
strengthened by these additional tests. For addi-
tional information, context, and tests for working
with high noise data, see also Appendix C.4 and
(Brennan, 2001a; McCaffrey et al., 2009; Brennan,
2013; Hardy, 2024; Casabianca, 2025).

The transcript data used in this work contain only
fourth- and fifth-grade mathematics classrooms
from the United States. Furthermore, the asso-
ciated ratings pertain solely to a subset of rating
items on a specific rubric, which may introduce lim-
itations when addressing other tasks of classroom
instructional support for children. While there is

no evidence to suggest that findings would be dif-
ferent in other primary classrooms, the data make
generalization to all classrooms not demonstrable
in the current study.

Meaningful representation of student classroom
learning is absent on the internet largely for laws
protecting children’s privacy. The text for our data
was only anonymized and made public in 2022
(Demszky and Hill), and it is not “crawlable”; nor
is it easy to link these data with the (not crawlable)
annotations and value-added measures of student
learning (VAMs) (Kane et al., 2015). The link-
ing of these two sources makes it 1 of 2 extant
datasets having classroom interactions with both ex-
pert ratings on real teaching instruments and VAMs.
The second dataset (“MET Project”) is not publicly
available. Part of our interest in doing this research
is that conducting these studies is extremely ex-
pensive, and economic drivers exclude this line
of work from studies that would measure impact
(see the exclusion of education, social work, ther-
apy, and other fields from studies like, for instance,
Patwardhan et al. 2025).

One purpose of this study is to measure the ex-
tent to which LLMs have the capacity to conduct
tasks in downstream applications responding to
classroom teaching and learning, where these
challenges not only are particularly prominent but
also bear significant real-world consequences. Au-
thentic educational content, particularly for school-
age children, is effectively non-existent on the In-
ternet and therefore absent in the pretraining data
of large LLMs.* See preliminary Appendix Ethical
Considerations section A.3 for implications.
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Due to page requirements, see extended Ethical
Considerations in the preliminary Appendix A.
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But our case study is not measurement in the ab-
stract. Classroom evaluation is a high-stakes do-
main in which errors are not evenly distributed:
mismeasurement can change students’ learning op-
portunities, shape teachers’ careers, and amplify
existing inequities. The purpose of this section is
therefore twofold. First, it explains why the em-
pirical patterns we uncover—strong inter-model
consensus, weak connection to intended impact,
and limited efficacy of prompt/model tweaks—are
ethically consequential in K-12 settings. Second,
it provides a roadmap for what “responsible next
steps” look like when the technical work reveals
that validity cannot be assumed.

Our findings shift the ethical question from “Is
an LLM accurate enough?” to “Accurate for what,
and by what evidence?” In education technology,
it is tempting to treat alignment with expert rubrics
as sufficient validation. Our results warn against
that shortcut: systems can look reasonable to adults
(and even agree with each other) while remaining
misaligned with student learning gains. This mis-
match creates a distinctive risk profile: deployment
can produce confident, scalable judgments with un-
clear or negative educational benefit. The ethical
challenge is thus not merely model bias in the usual
demographic sense, but validity risk: using an ap-
parently coherent evaluator whose shared inductive
biases reward proxies for quality rather than the
outcomes schools are responsible for delivering.

For readers asking what to do with these
education-specific implications, the remainder of
this section is organized around “next-step” oper-
ational problems and workable frameworks. We
first discuss how to understand educational needs
and the limits of what transcript-based scoring can
justify, especially for children. We then address
equity and accountability: why equal access to
an Al tool is not evidence of equal benefit, and
what monitoring is required before scaling. Finally,
we outline practical safeguards for researchers and
developers—including intended-impact evaluation,
pre-deployment decision studies, and harm-aware
piloting—that translate the measurement methods
in this paper into responsible practice in public
education contexts.

A.1 Understanding educational needs of
children

Foundation models’ generality and adaptability
as next-token predictors (Malach, 2024) have en-
ergized the education technology (edtech) sector.

We, like many developers, are eager for a world
where all children get access to high quality edu-
cation. With increased hype, why is there yet very
little evidence of these models meaningfully im-
proving student learning in K12 contexts? Recent
work has even shown that generative Al deployed
as conversational agents can harm student learn-
ing (Bastani et al., 2024; Nie et al., 2024; Shein,
2024). However, developers of education technol-
ogy (edtech) have not been deterred (Kornell et al.,
2024; O’Donnell, 2024), further increasing the high
adoption rates of generative Al in educators (Bon-
ney et al., 2024; Humlum and Vestergaard, 2024;
Bick et al., 2024). So we feel the need to elaborate
on the pertinent ethical considerations for edtech
in public education spaces.

Answering whether a LLLM is good enough or
better than the alternative is difficult (D’ Amour
et al., 2020; Hutchinson et al., 2022). Evalu-
ating model pedagogical outputs in K12 educa-
tion is even harder than for most other disciplines
(Denny et al., 2024; Macina et al., 2023; Wollny
et al., 2021), where understanding the impact is
paramount. One challenge in evaluating for K12
impact is the paucity of datasets that allow for
quantitative evaluation of model performance with
LLMs underperforming (Jurenka et al., 2024; Tack
et al., 2023; Ormerod and Kwako, 2024). Un-
fortunately, poor model performance on existing
evaluable K12 datasets is often ignored and can
be hidden by changing the nature of the evalua-
tion (Rottger et al., 2024; Schaeffer et al., 2023).
For example, instead of asking the model to accu-
rately autoscore student work—a critical task for
K12 impact—one could ask it to write plausible
feedback which might then be evaluated indirectly
using surveys of relative preference by a few raters.

Failure of any educational resource is generally
not a binary characteristic, but rather measures of
extent along continua of quality. For a given group
of children, an excellent human tutor would facil-
itate each child learning at their fullest capacity,
however defined, whereas a weaker tutor may only
be able to help some students learn some of the con-
tent some of the time, much like some non-humans
(Collins et al., 2024; Pardos and Bhandari, 2023;
Vaccaro et al., 2024). If the human tutor were re-
placed by a textbook, there would still a very small
subset of children who could fully benefit from
that intervention, but most students would not be
as well served. These continua of quality exist for
all educational resources, e.g., lesson plans, reme-
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diation activities, curricula, formative assessments,
systems for classroom climate, IEPs, feedback to
students, etc.

The Paradox of Free Advice Similarly, all Al-
generated content will be imperfect, and the degree
of quality available can be difficult to recognize.
Freely available generative Al introduces a chal-
lenge that we will call the Paradox of Free Advice:

Those needing more guidance are also those that
are less discerning of the quality of guidance or
support offered.

Such individuals may turn to generative Al tools,
which can be speciously compelling and confident,
even when such models are not deserving of our
trust (Kim et al., 2024; Wu and Aji, 2023; Yan
et al., 2024; Zhou et al., 2024). The implications
are that, for example, while an automated service
may save a teacher time, it may result in a child los-
ing learning by spending time or resources in less
efficacious interventions (Acemoglu and Restrepo,
2022; Holmes, 2022). In fact, some practices in
Reinforcement Learning from Human Feedback
(RLHF) (Christiano et al., 2023) exacerbate this
even further: RLHF-based model tuning simulta-
neously leads to less accurate outputs and yet in-
creased human confidence that the less accurate
output is trustworthy (Wen et al., 2024). If even the
most expert humans have shown worryingly bad
tendencies in collaborative decision making with
Al (Agarwal et al., 2023), how will children and
public school teachers fare? The Paradox of Free
Adbvice can affect researchers and scientists as well.
Failing to have access to or invest in high quality
evaluations utilizing true expertise (Hosking et al.,
2024) for the expected human judgments can result
in evaluation and reporting of research findings that
deepen gaps in quality when convenience samples
of human experts rely on these same systems to
respond to researcher requests (Veselovsky et al.,
2023).

Biased performance is even harder for individual
users to see on single use cases, since GPT models
can often appear reasonable and trustworthy even
when they are less accurate (Klingbeil et al., 2024;
Wen et al., 2024; Zhou et al., 2023a). Children,
like adults, become more trusting of these tools
with exposure (Kosoy et al., 2024), an observation
that demands deeper exploration into biases, as the
models have already been associated with behav-
ioral changes in postsecondary learning contexts
(Abbas et al., 2024; Nie et al., 2024; Zhai et al.,

2024).

Inequity along Continua of Quality Educa-
tional tools targeted for use in compulsory public
schooling contexts have the intrinsic responsibility
to provide equitable learning for all children (and
to clearly communicate otherwise if that cannot
be demonstrated). For this paper, equality is de-
fined as equal access to resources, opportunities,
tools, or systems, and, in contrast, equity is defined
as equal access to the benefits of those resources,
opportunities, tools, and systems. In other words,
merely offering all students access to a particu-
lar educational resource is not sufficient evidence
of equitable outcomes for students, and, in many
cases, may exacerbate existing gaps (Benjamin,
2019; Crooks, 2024; Eubanks, 2019; Kasneci et al.,
2023; Madaio et al., 2021). In general, over the last
couple decades, edtech has not provided evidence
that it can equitably improve student outcomes in
K12 public education and, in many cases, has even
produced results which have widened preexisting
inequities in learning (Hansen and Reich, 2015;
Reich, 2020; Reich and Ito, 2017). This increased
inequity often arises as an example the ‘“Matthew
Effect,” a term for the disparity-widening effects of
accumulated advantage that make it easier to bene-
fit further from new advantage. This phenomenon
appears in many education contexts (Bahr, 2007;
Kempe et al., 2011; Reich, 2020; Stanovich, 1986).
As a pre-LLM edtech example, asynchronous edu-
cational content learning experiences, such as those
found in massive open online courses (MOOCsS),
used to support high schoolers recovering credits to-
wards graduation have widened gaps for those most
in need of support (Heinrich et al., 2019): those
who needed more help who, in fact, got less help
from the intervention. As with the example of tu-
tors of varying quality, poorly executed K12 edtech
solutions can exacerbate such issues, and thus an
even greater need to be able to identify tasks where
evaluating output quality is more challenging or
uncertain.

Principle of Precision in education Equitable
and individualized K12 learning requires precision.
Recognizing that most uses of generated K12 con-
tent, often branded as saving teachers time, are,
in fact, making instructional decisions—choices
about what and how to teach—not just generating
ideas for top performers. Imprecision in instruc-
tional decisions degrades its quality, resulting in
inefficient teaching and unforced losses to a child’s

46851



learning time. A critical component for helping
learners “catch up” is to make instructional deci-
sions that maximize time spent on things students
need with precision, rather than on content that
they already know. Al use can help with writing
when precision is not critical, but has led to wors-
ened decision-making outcomes (Vaccaro et al.,
2024) and can further marginalize learners whose
needs are not well represented by the mean of the
distribution (Treviranus, 2022).

Precise instructional decisions are needed for
efficiently and effectively resolving student mis-
conceptions, as a practical example. Using an
imperfect but illustrative analogy from computer
programming, we could consider confusion and
misconceptions as “bugs” in a student’s reasoning
(Brown and VanLehn, 1980; VanLehn, 1990). Both
fixing and not creating new bugs require expert pre-
cision, which may not be a strength of the current
GPT models when supporting struggling coders.

A.2 Demands placed on educators

Public K12 educators have deep insight into their
specific students and their idiosyncratic teaching
tendencies. But critically, the average K12 teacher
is not an education expert at the level needed and
assumed by researchers and developers for many
edtech questions, resources, and products. This
is in no way saying that researchers and develop-
ers should not consult educators. On the contrary,
K12 educators know things about the day-to-day
dynamics within their classroom that researchers,
developers, and designers can learn from (Kizil-
cec, 2024). This hyperlocalized expertise about the
children in their custody may explain why most par-
ents feel like their schools are headed in the right
direction while most think that overall schooling
is not headed in the right direction (Brenan, 2021;
Horowitz, 2022; Saad, 2022). However, hyperlocal-
ized educator expertise does not mean that:

1. the educator is effective and that their teaching
practices result in significant learning gains
for students;

2. the educator’s best practices and insights gen-
eralize to other (a) students, (b) classrooms,
(c) teachers, (d) content areas, (e) grades/ages,
(f) schools, or (g) contexts;

3. the task or idea the educator is being asked to
do, evaluate, or provide feedback on is a task
about which they are expert and about which
they can accurately identify the conditions
needed for its generalization; nor

4. the educator is aware of the extent to which
they have the expertise described here.

These criteria of expected expertise can easily be
extended by replacing “educator” in the above with
“researcher” or “technologist”. Finding qualified
subject matter experts is critical to high-quality
solutions (Zhou et al., 2023b). As important as
working with and understanding the needs of K12
educators is for finding solutions, edtech research
and products are typically not built for a hand-
ful of specific teachers with hyperlocalized exper-
tise, but for education contexts generally. Ho and
Kane found that school administrators—with more
general expertise—were more discerning of differ-
ences in teaching quality and produced ratings that
were 12%-25% more reliable compared to other
teachers with similar/different teaching certifica-
tions, respectively (Ho and Kane, 2013). In educa-
tion literature this is at least in part because school
administrators have more generalizing power from
regular exposure to different classrooms. However,
even school administrators benefit from localized
expertise: Ho and Kane found that administrators
from the same school as the instruction being eval-
uated were 18% more reliable than non-local ad-
ministrators.

Expanding the sample of or crowdsourcing
across educators may not lead to quality annota-
tions, effective solutions, or generalization across
contexts (Macina et al., 2023). For some K12 mate-
rials and practices, a majority of teachers (and even
professors of education) may not be implementing
practices that are known in research to be more
effective, such as the disparity between known ef-
fective practices for early literacy instruction and
common practices in schools and teacher prep pro-
grams (Foorman et al., 2016; Kurtz et al., 2020;
Rix, 2023; Solari et al., 2020).

The Principle of Precision applies across con-
tinua of quality in education content creation,
which represents most current applications of GPT
models as educator assistants. While there is
clear evidence about the importance of using high
quality instructional materials (Boser et al., 2015;
EdReports, 2023; Kaufman et al., 2018; Opfer et al.,
2017; Steiner, 2017; TNTP), most of these materi-
als are either not easily accessible or have a large
enough presence online for the purposes of model
training. Unfortunately, most of the K12 instruc-
tional materials easily accessible online by and pop-
ular among educators are not high quality (North-
ern and Petrilli, 2019; Polikoff, 2019). Although
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automatically generating materials may appear to
save teachers time, it may cost students learning
time if the ignores the important attributes of in-
structional materials such as curricular coherence,
meeting criteria for “high quality”, and teachers’
abilities to both recognize those criteria and use
curricula effectively (Chu et al., 2021; EdReports,
2021; Kane et al., 2016; Polikoff et al., 2020; Short
and Hirsh, 2020; TNTP, 2024). Poorer quality ma-
terials and the Paradox of Free Advice would logi-
cally lead to the exacerbating Matthew Effect (Ace-
moglu and Restrepo, 2022; Capraro et al., 2024).
While techniques for content generation are im-
proving (Balepur et al., 2023; Rooein et al., 2024),
the criteria for high quality instructional materials,
the coherence in the learning, and the capacity of
the teacher to recognize and deliver such content
are challenges not yet addressed.

A.3 Dearth of Data

Studies about the quality of teaching and learning
are expensive (Grissom et al., 2013; Liu and Cohen,
2021; Jurenka et al., 2024), with only two major
studies having measures of both teaching and learn-
ing: the MET study (Kane et al., 2013; Kane and
Staiger, 2012) and the NCTE Main Study (Kane
et al., 2015), the latter of which is the source of data
for this study. Even then, no transcripts or artifacts
of classroom discourse are meaningfully annotated
with respect to reliable measure of a) the quality
of teaching, using authentic instruments designed
for humans or b) the quality of learning. In fact,
the majority of instructional materials that would
be available on the Internet for pre-training are of
low quality (Polikoff, 2019; Northern and Petrilli,
2019; EdReports, 2023; TNTP, 2024).

Many critical education tasks are poorly repre-
sented in training data for GPT models. Authentic
natural language found in K12 public education
contexts is rare on the internet, especially data with
meaningful labels or interpretations, because these
data involve children and typically have more strin-
gent protections (e.g. FERPA and COPPA in the
United States). Thus, a limitation noted by this
paper is the need to create more datasets, a limita-
tion shared with many fields, including LL.M-as-
scientist studies (Song et al., 2025; Alampara et al.,
2025; Mirza et al., 2025).

A.4 Potential solutions to challenges

Maximizing Education Expertise For improv-
ing expertise in the field of edtech products, we rec-

ommend that researchers and developers acquire
the needed expertise with much more intentional-
ity by selecting few experts who, when combined,
jointly maximize expertise relevant to the target
audiences and contexts of generalization. If im-
provements to student outcomes are desired, K12
experts should have a demonstrated track record
of positively impacting student outcomes, and the
generalizable insights they make should correspond
with the contexts of their track record. If an expert
does not allow for generalization into some con-
tent or context of interest, experts should be added.
Non-K12 subject matter experts in academia or in-
dustry should likewise represent the breadth of the
content and should include expertise in the assess-
ment of intended student outcomes. We make the
claim that the skills and capacity needed to lead ini-
tiatives that are high-quality, impactful to student
outcomes, equitable, and scalable are exceedingly
rare. This skill set is not found in an average K12
educator, so greater effort must be made by all.

School leaders working with teachers to improve
the quality of instruction typically evaluate the
teacher’s proficiency in a range of competencies
(typically measured during in-class observation
and evaluation on a teaching rubric; see Aguilar
2013; Bambrick-Santoyo 2016, 2018), then de-
termine which competencies are most important
to improve first (i.e., which change will have the
biggest impact on student learning), and then pro-
vide supportive feedback and coaching. Without
strong expertise and measures of student learn-
ing, it is challenging for practitioners to priori-
tize instructional needs and aligned practices from
among the many elements of good teaching (Sa-
phier et al., 2008; Darling-Hammond, 2014; Ham-
mond, 2015; Lemov and Atkins, 2015; Lemov,
2021; Liljedahl et al., 2021; Darling-Hammond
et al., 2020; Schwartz et al., 2016) and for re-
searchers to empirically quantify the impact of
good teaching practices (Pianta and Hamre, 2009;
Charalambous and Delaney, 2019; Blazar and Pol-
lard, 2022; Jurenka et al., 2024).

Measuring what matters  Additionally, we
would like to add that perhaps the most impor-
tant direction for evaluating future edtech work is
improving the ability of models or systems to accu-
rately recognize the state of student learning. The
field cannot correct what it cannot detect. And,
at present, the Paradox of Free Advice applies to
developers and researchers in the presence of GPT
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model speciousness and current practices for K12
expertise. Meaningful, rapid iteration on edtech
tools and products cannot be without reliable and
valid measures of student learning.

Dealing with data deficiency Distributional plu-
ralistic alignment of models in new tasks is a diffi-
cult due to limited knowledge of how to calibrate
models to be more representative (Sorensen et al.,
2024). Research in pretraining data provenance is
a promising area of research for addressing biases.
For example, studies have shown that performant
models can be constructed by curating smaller,
more manageable datasets (Shi et al., 2024) and
then training individual “expert” models from ap-
propriate data which can be combined into a final
model (Muennighoff et al., 2024). Such techniques
have been used to address copyright violations (He
etal., 2024).

However, training on authentic education data,
such as transcripts from learning, may not be free
of bias or may not support improved model perfor-
mance toward student learning outcomes without
some meaningful interpretation. Being able to iden-
tify whether a particular artifact is high-quality is
key to improving performance. One possible ap-
proach to explore is to collaborate with qualitative
researchers who have spent countless hours coding
studies (Ward et al., 2020; Saldafia, 2016; Mul-
let, 2018; Philip et al., 2018) to combine smaller
dataset studies. The meaningful curation and com-
bination of such data could serve as a starting point
for use of authentic K12 data during pretraining.

Synthetic substitutions Even when faced with
the challenge of a lack of quality data, we recom-
mend minimizing the use of synthetic K12 edu-
cational content. Use of such content would risk
perpetuating gaps in equitable learning as models
trained thusly increasingly and irreversibly forget
the original distributional tails (Shumailov et al.,
2024; Whitney and Norman, 2024; Van der Gun
and Guest, 2024). A more expertly built smaller
model, even if limited in scope (see for example
Hardy), which is more robustly evaluated, could
support the improved annotation of existing K12
artifacts or act as a decision-making member multi-
agent ensemble.

B Datasets for Supporting Classrooms

Meaningful representation of student classroom
learning is absent on the internet largely for laws

protecting children’s privacy. The text for the data
was only made anonymized and public in 2023
(Demszky and Hill, 2023) and is not “crawlable”
nor is it easy to link these data with the (also not
crawlable) annotations and VAMs (Kane et al.,
2015). It is the linking of these two sources that
makes it 1 of 2 extant datasets having classroom
interactions with both expert ratings on real teach-
ing instruments and VAMs. The second dataset
(the “MET Project”) is not publicly available. Part
of our interest in doing this research is because
conducting these studies is extremely expensive.
(At least 2 organizations are trying to collect more
data that meet these criteria.) Regardless, these
datasets are notoriously challenging; Xu et al. use
14 page to articulate challenges with this data. Ho
and Kane give a measure of success for humans at
reliability of 0.65—our initial target for using LLMs.
LLMs initially demonstrated high consistency (in-
creasing reliability), but then we discovered the
misalignment. Ideally success would lead to rat-
ings that improve human reliability (Hardy, 2025b)
and alignment with robust checks to avoid unhelp-
ful LLM contributions.

B.1 Observation Instruments

For each of the observation instruments, the abbre-
viation codes used in this study are listed with the
expanded names in Table 2. The distributions of
scores across all items for all rater families are in
Figure 5. The CLASS rubric has 12 items on a
scale from 1 to 7, rated at 15 minute intervals. The
MQI rubric has 13 items on a scale from 1 to 3,
rated at 7.5 minute intervals.

The mathematics-specific MQI and general
CLASS frameworks are explicitly and implicitly
capturing different dimensions of classroom in-
struction (Blazar et al., 2017) for human raters.

The MQI Framework (13 items) The MQI
framework is intended to detect specific classroom
practices, assuming that much of the classroom dis-
course will not be relevant for each item and are
one-inflated. The 13 MQI items> within the dataset
have at least two human raters per classroom obser-
vation. The MQI instrument has four instructional
domains that capture information on the quality
of teaching and learning: Richness of Mathemat-
ics, Working with Students, Student Participation,

SInstruments for classroom instruction are composed of
multiple items that represent distinct instructional dimensions
to be evaluated
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Figure 5: Proportions of human rater scores by item.

and Errors and Imprecisions. This paper will focus
on one item from each of the four MQI domains:
teacher explanations (EXPL), remediation of stu-
dent errors (REMED), student questioning and rea-
soning (SMQR), and imprecision in mathematical
language (LANGIMP), respectively. For ease of
interpretation in this study, LANGIMP is reverse-
coded, so higher scores are better. (For additional
information about the MQI instrument, see (Hill
et al., 2008; Hardy, 2024; Hill et al., 2012b; Kane
and Staiger, 2012)).

The CLASS Framework (12 items) The
CLASS items capture broader constructs and as-
sume that most of the classroom discourse is rel-
evant. These differences can be seen visually in
Figure 5. The 12 CLASS items have one raters
per classroom observation. Prior work has shown
that the CLASS items generally have higher hu-
man agreement than MQI items (Kane and Staiger,
2012; Kane et al., 2015). Three items from
the CLASS instrument will be analyzed, follow-
ing prior work (Wang and Demszky, 2023): be-
havior management (CLBM), instructional dia-
logue (CLINSTD), and positive classroom climate
(CLPC).

B.2 Replication Study Details

The present study contains two replication stud-
ies; we used the same settings, sampling, and data
as specified in each original (Wang and Demszky,
2023; Hardy, 2025b). We did not alter the prompts,
samples, nor settings when replicating the original
studies. Footnote 3 has a link to the full replication
test set and access to the full prompts used. Wang &

Demsky (2023) also provide a link on the first page
of their study (as well as many appendix pages of
prompt templates). We used the same hyperparam-
eter settings (temperature 0, completion) as found
in the original code.

Additionally, for verifiability and replication,
Footnote 3 also has the outputs of each prompt in
the present study (where failure modes can be iden-
tified and claims verified), with lookup columns
that match the data from Wang & Demszky.

B.2.1 Test Set and Tasks

Building on prior work, we adopt the zero-shot test
set and prompts established by (Wang and Dem-
szky, 2023). This test set consists of a stratified
sample of lessons from the NCTE data. Our eval-
uation covers seven distinct rating tasks (i.e., in-
strument items): four from the MQI framework
(teacher explanations, remediation of student errors,
student questioning, and precision of language)
and three from the CLASS framework (behavior
management, instructional dialogue, and positive
climate). For the measures of alignment, we max-
imize content differences by selecting one item
from each of the four empirical factors identified in
(Blazar et al., 2017; Kane et al., 2015). We select
the items with the highest interrater reliability (Co-
hen’s x in Appendix of (Kane et al., 2015)) where
available, otherwise, test set item with the largest
factor loading.

B.2.2 Models and Prompts

We selected 4 of the LLMs that performed the best
at the time of the experiment, chosen from the
HELM leaderboard (Liang et al., 2023) and the
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“Pedagogy Benchmark™ (Lelievre et al., 2025), and
then prioritized diversity of models. We also in-
cluded Google’s LearnLM due to its stated focus
on education (LearnLM et al., 2024). Following
prior work (Liang et al., 2023; Wang and Dem-
szky, 2023), we query each model using three dis-
tinct prompting strategies for each task: (1) a base
prompt with the core instructions, (2) a chain-of-
thought prompt encouraging step-by-step reason-
ing (Wei et al., 2023), and (3) a prompt that acts
like a retrieval-augmented generation (RAG) by
including additional, relevant task-specific rubric
information. All for LLM calls are available on-
line.  All model predictions are publicly available
to support future research for reproducibility (see
Footnote 3).

Below are three examples for three different
tasks for each of the three prompt template families
from Wang and Demszky (where all examples of
other prompt templates can be found): Base prompt
for the Remediation of Student Errors (REMED)
task, a RAG-like, additional-details prompt tem-
plate for the Language Imprecision (LANGIMP)
task, and the reasoning/chain-of-thought template
for the Classroom instructional dialogue (CLIN-
STD) task.

REMED (Base):

Consider the following classroom
transcript.

Transcript: {transcript}

Based on the classroom transcript,

rate the teacher’s degree of remediation
of student errors and difficulties on a
scale of 1-3 (low-high). This means that
the teacher gets at the root of student
misunderstanding, rather than repairing
just the procedure or fact. This is more
than a simple correction of a student
mistake.

Rating (only specify a number between
1-3):

LANGIMP (simple RAG-like/extra information)
Consider the classroom
transcript.

following

6https://github.com/hardy—education/measuring_
11m_impact_alignment

Transcript: {transcript}

Based on the classroom transcript, rate
the teacher’s imprecision in language or
notation on a scale of 1-3 (low-high).
The teacher’s imprecision in language
or notation refers to problematic uses
of mathematical language or notation.
For example, errors in notation (eg.
mathematical symbols), in mathematical
language (eg. technical mathematical
terms like “equation”) or general
language (eg. explaining mathematical
ideas or procedures in non-technical
terms). Do not count errors that are
noticed and corrected within the segment.

Explanation of ratings:

1: Brief instance of imprecision. Does
not obscure the mathematics of the
segment.

2: Imprecision occurs in part(s) of

the segment or imprecision obscures the
mathematics but for only part of the
segment.

3: Imprecision occurs in most or all of
the segment or imprecision obscures the
mathematics of the segment.

Rating (only specify a number between
1-3):

CLINSTD (Reasoning)
Consider the classroom
transcript.

following

Transcript: {transcript}

Please do the following.

1. Think step-by-step how you would
rate the instructional dialogue of the
teacher on a scale of 1-7 (low-high).
Instructional dialogue captures the
purposeful use of content-focused
discussion among teachers and students

that is cumulative, with the teacher
supporting students to chain ideas
together in ways that lead to deeper

understanding of content. Students
take an active role in these dialogues
and both the teacher and students use
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strategies that facilitate extended
dialogue.
2. Provide your rating as a number

between 1 and 7. Format your answer as:
Reasoning: Rating (only specify a number
between 1-7):

Reasoning:

Additionally, while not the focus of this study,
we replicated the SOTA models of (Hardy, 2025b)
to have confidence that the misalignment we ob-
served were not the result of an impossible task
using only transcripts. These encoders and those
from (Hardy, 2025b) are shown as baselines in Fig.
4. This results in 103,148 total observations across
models, tasks and prompts. Additionally, while
not the focus of this study, we replicated the SOTA
models of (Hardy, 2025b) to have confidence that
the misalignment we observed were not the result
of an impossible task using only transcripts. These
encoders and those from (Hardy, 2025b) are shown
as baselines in Fig. 4.

C Challenges in VAM signal

Human-VAM alignment for a given 15 minute rat-
ing on one dimension of teaching will necessarily
be small. But across thousands of observations, we
would expect better teaching to be aligned with bet-
ter outcomes. To test this before the main study, we
performed 6 robustness checks, excluded only for
brevity, including highly robust estimators between
expert ratings and VAM. Summary below:

C.1 Thiel-Sen Estimator

Thiel-Sen (TS) estimator (Sen, 1968) is a non-
parametric method very closely related to Kendall’s
7. It computes the median of all slopes between

; e 3 — ; Yi—Yi
point pairs: § = median (ﬁ) We would ex-
pect a positive median slope, § < 0 as a direct

analogue of the expected relationship of Kendall’s
7 (Kendall, 1938).

C.2 Repeated Median Estimator

Siegel’s Repeated Median Estimator (RME) is a
second highly robust estimator of linear relation-
ships with the highest breakdown point of 50%
(Siegel, 1982). It estimates the slope of the re-
gression line y = A + Bz for a set of points.
For our purposes, if humans raters fail to have
a positive RME slope with respect to VAM on

an item, the item either has too high a propor-

tion of bad data or no meaningful relationship.

B = median mec;ian (Y; -Y:)/(X; — X;) where
7 JF

the inner median is the median of the slopes con-
nected to this observation, similar to the Thiel-Sen
Estimator, and the outer median is the median slope
across all items for the inner slopes. For signal to
be robustly identified, we expert humans ratings
should have a positive relationship with VAM, mea-
sured by 7, the 90% lower CI of 7, TS, and RME.
We also test that 7 is greater than the 7 generated
by random sampling and we perform a quartile test
for difference between rating Q1 and Q4 and VAM
(Kane and Staiger, 2008), as shown in Table 3.

Given the tests in Table 3, we take the position
that, while the signal is faint, it is indeed positive
and distinguishable from the noise. One way to
contextualize how we can extract the signal over
many observations is to consider that VAMs have
about the same accuracy as predicting year-over-
year ERA” of professional baseball pitchers (Mc-
Caffrey et al., 2009). This task is harder, as would
be the predicting of pitcher ERA from only watch-
ing a few innings of one game: on its own, there
isn’t enough signal, but in aggregate we assume
that there is.

C.3 VAMs in other Research

Prior rater-to-VAM studies that used a much
stronger signal by aggregating human rater scores
and employing the far more forgiving Pearson cor-
relation found that the significant overall relation-
ships for MQI items were 0.09 and for CLASS
items were 0.18 (Kane and Staiger, 2012), with
statistical significance despite the noise, compared
to the Kendall 7, 0.11/0.03 and 0.14/0.06 reported
for the humans in Figure 4. Concerned with the
question of text-only signal identification, we also
did the replication of (Hardy, 2024) seen as the
green diamonds in Figure 4.

C.4 High-noise Context Measurement

C.4.1 Failure Mode of LLM Behavioral
Homogeneity

Behavioral homogeneity, in various forms, has
been in literature and should not be surprising given
what we know about pretraining (McCoy et al.,
2023). Behavioral homogeneity is the first of the

"Earned Run Average (ERA) is the average number of
earned runs a pitcher allows per nine innings, calculated as

(Earned Runs x 9) / Innings Pitched. It is the primary statistic
for measuring pitcher effectiveness.
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Figure 6: Proportions of rater scores by MQI item.

five studies, and should not be seen as the core
finding: similar to contemporary studies on LLM
correlated errors (Kim et al., 2025), we first demon-
strate their existence. A key idea of the alignment
studies herein is highlighting the importance of
scrutinizing our evaluations and working on prob-
lems that are not easily verifiable. There need to
be methods for measuring, even what may be al-
ready known, in contexts where measurement has
previously been too difficult.

We posit that the knowledge of the types of fail-
ure modes found within this study have been in the
literature for a long time, but that it may not be
a shared belief across NLP researchers as LLMs
increase in size and in ultracrepidarianism. K12 ed-
ucation is not the only domain affected by rushing
research because the tasks of interest are very diffi-
cult to verify. Efforts to understand the economic
impact® of LLMs on professionals, such as GDPval
(Patwardhan et al., 2025), have systematically ex-
cluded classrooms and contexts involving children.
Education is not alone in this either; social work,
therapy, and other sectors are also affected beyond
the “top 9. The issues of being able to produce
meaningful measurements where F1 scores above
0.95 affect much more than education.

Thus, an interesting contribution of this paper is
methodological: robust and principled methods for
measuring outcomes in high-noise contexts. In our
opinion, it is less interesting that our first finding

8We note that this study evaluates downstream task, but

does not, in fact, evaluate the ultimate relationship of the eco-
nomic impact of the quality of the downstream task outputs.

is a possibly predictable failure mode and more
interesting that our methods allowed us to detect
it, given the high noise contexts. This may provide
hope for other domains where downstream tasks
are difficult to measure and intended impacts even
more so. Detecting these failure modes, and then
measuring their augmentation as LLMs are used in
ensemble, is novel in these contexts.

D Variance Decomposition Model

This appendix formalizes the structural decom-
position used to attribute observed misalignment
error to facets of a fully crossed evaluation de-
sign, introduced in Section 3.3 and discussed in
Section 5.4. The aim is not merely to report er-
ror, but to identify which portions of error are (i)
developer-controllable (LLM, PROMPT), (ii) sys-
temic and shared across implementations (ITEM,
OBSs, and their interactions), and (iii) irreducibly
idiosyncratic at the granularity of a single score
(cell-specific residual variation). While our applica-
tion concerns classroom instruction, the design and
estimands apply broadly to LLM evaluation when-
ever outputs are compared to noisy, multifaceted
targets.

We present the framework with sufficient gener-
ality that it can be applied to any fully crossed eval-
uation design, not only in education but wherever
LLM outputs are compared against noisy, multi-
faceted ground truth. We are not aware of prior
use of this method in the ACL literature, and we
hope it proves useful to researchers seeking to dis-
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Table 2: CLASS and MQI item descriptions and corresponding abbreviations from the test set of Wang and Demszky.
tdenotes items that are reverse coded due to being negatively worded with respect to the construct of teacher ability.
Bolded items are the focus items of the present alignment study. Bracketed item descriptions are the names of
the factors with highest identified loadings by Blazar et al. per category in Appendix 2.b of the original study
(Kane et al., 2015). While in the present impact alignment study we only evaluated four items, we performed a
full replication of all seven items, the responses and outputs of which can be found in the online data. Variance
decompositions for all seven items on the test set can be found in Appendix D.

Item Item Name [Factor] Item Description
MQI
EXPL Teacher Explanations [Mathematical Instruction] Teacher explanations that give

meaning to ideas, procedures, steps, or solution methods.
LANGIMPY Imprecision in Language or [Mathematical Errors] Imprecision in language or notation,
Notation with regard to mathematical symbols and technical or gen-
eral mathematical language.
REMED Remediation of Student Er- [Mathematical Instruction] Remediation of student errors

rors and Difficulties and difficulties addressed in a substantive manner.
SMQR Student Mathematical Ques- [Mathematical Instruction] Student mathematical question-
tioning and Reasoning ing and reasoning, such as posing mathematically motivated

questions, offering mathematical claims or counterclaims.

CLASS

CLPC Classroom Positive Climate [General Instruction] The relationships among teachers and
students, and the warmth, respect, and enjoyment commu-
nicated by verbal and nonverbal interactions.

CLBM Behavior Management [Classroom Organization] The use of effective methods
to encourage desirable behavior and prevent and redirect
misbehavior.

CLINSTD  Instructional Dialogue [General Instruction] The purposeful use of dialogue across
the class to facilitate students’ understanding of content
including structured, cumulative questioning and discussion
which guide and prompt students.

Table 3: Robustness Test Results Across Different Tasks
Low. 90%  Thiel Sen T> Robust.
Task 7>0 CI>0 >0 RME > 0 Rand T>T.Exp Q4>Q1 PassRate
0.0004, Y
CLBM 0.07,Y 0.06%%* 'Y  0.013,Y 0.008, Y —0.04,Y (—0.04,0.04) 0.02**Y 100 (7/7)
0.0004, Y
CLINSTD  0.02,Y 0.003* Y 0.003,Y 0.0002,Y 0.004,Y (—0.04,0.04) 0.02%*Y 100 (7/7)
0.04,Y
LANGIMP 0.12,Y 0.10¥%%)Y 0.06, Y 0.05,Y 0.03,Y (0.000,0.08)  0.03**)Y 100 (7/7)
0.04,Y

REMED 0.02,Y 0.001*,Y 0008, Y 0.004,Y —0.01,Y (0.000,0.08) 0.01,N 71 (5/7)
Note: Y indicates the test passed, N indicates failure. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01.

entangle controllable from irreducible sources of  the ability to measure in high-noise contexts, with
error in high-noise evaluation contexts. We hope  noisy labels and mismatched grain sizes. We hope
the methods will support others in being able to un-  this work helps to create a middle ground between
derstand how much of the error they are seeing in ~ “gold standard” labels and qualitative research: the
their models is irreducible in contexts where their  “pewter standard” labels, perhaps.

signal is clouded by many facets of variation (Bren-

nan, 2001b,a, 2003). Education happened to be the

content matter of this study, but the study is about
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D.1 Model specification

Let the index set of the fully crossed design be
D = C xTIx M x P, where C denotes ob-
served classroom transcript segments (|C| = N¢),
7 rubric items (|Z| = Ny), M foundation models
(IM| = Nps = 16), and P prompting strategies
(|P| = Np = 3). For each (c¢,i,m,p) € D, let
X cimp be the standardized’ LLM rating and ffc the
(pre-standardized) stacked value-added measure
for classroom c. The misalignment error is

R > SN2

€cimp = (Xcimp - Y'c) . 3)
Random-effects decomposition. We fit a fully
crossed random-effects model over all main effects
and interactions:

écimp =p + Z

0#aC{c,im,p}, |a|<3

Vo + Neimp;

“)
where each v, is a mean-zero random effect
indexed by the corresponding facet(s), v, ~
N(0,02), mutually independent across c, and
Neimp ™~ N (0, 0727) is the cell-specific remainder.
Because each (¢, i, m, p) cell is observed once, the
four-way interaction is not separately identifiable
from the residual; hence we report the combined
term as

2

2 2
Ucimp+e . ULLM:PROMPT:ITEM:OBs+Ue-

Expanded Random-effects. More explicitly, we
can reformulate Eq. 4 in expanded form the disag-
gregated sum of random effects corresponding to
all main effects and interactions in the fully crossed
I x M x P x C design:

écimp = B+ Vet+Vit+vmt+vp

main effects

+ Vei + Ve + Vep + Vim + Vip + Vmp

two-way interactions

+ Veim + Veip + Vemp + Vimp

three-way interactions
+ Ecimps &)

where p is the grand mean, each random ef-
fect is normally distributed with mean zero,
N(0, 02) foreachindexseta C
{e,i,m,p}, |a| > 1, and ecimp ~ N(0,02) is
the residual. All random effects are mutually
independent.

Vo ~

The findings are robust to standardization types. We stan-
dardize here by dividing by two standard deviations (instead
of one) to better align the relative scales.

Variance share Let S denote the set of modeled
variance components (all o3 plus 7). The vari-
ance share of component « is

& 2 Z 2 2 Z 2
_ @ _ _
Ta = 2 y Ototal — Oq + Oz = Op-
Ttotal « kEeS
(6)

Posterior estimates of 7, for all 15 components
appear in Table 1 (summary) and Table 4 (full fit
statistics including mean, SD, frequentist-style CI,
and R).

D.2 Sign-preserving estimations for shared
behaviors in errors

The squared-error formulation in Eq. 3 and re-
ported in Table 4 discards the direction of mis-
alignment (whether an LLM over- or under-rates
relative to VAM). To recover this information and
better estimate the degree to which LLM errors
move together, we fit two additional models using
the signed magnitude:

Coimp = |Xeimp = Ye| - (Xeimp —Ye), (D
which preserves the sign while retaining quadratic
scaling. We estimate it twice: once using the items
from the present study é* and a second estimation,
éa), includes all of the items from the original
replication study (for a total of seven) to provide
more observations of behavior. The results of these
decompositions are in Tables 5 and 6, respectively.
From this latter estimation we find that at most
56.4%+10.2%, R = 0.99 of the variance in signed
error is attributable to factors involving the LLM
or prompt, reinforcing the conclusion that roughly
half of the misalignment variance arises from facets
outside a developer’s control. Note that these ad-
ditional three items did not undergo robustness
checks and were not used in the main body of the
study because they had weaker loadings on con-
structs than other items in their same factor cate-
gory (Blazar et al., 2017). See the parallel analyses
performed on the human data in Table 8.

D.3 Bayesian estimation details

We estimate Eq. 4 using Bayesian multilevel mod-
eling (brms). Each standard deviation parameter
receives a weakly informative half-¢ prior:

or, ~ Student-t(3,0,2.5)  Vk € S.

Convergence is assessed via rank-normalized split-
R; all reported models satisfy R ~ 1 (see tables).
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A frequentist REML fit with the identical formula
yields consistent component ordering and compara-
ble point estimates, providing a second check that
the variance partition is not an artifact of Bayesian
regularization. R values were computed using
rank-normalized split chains following Vehtari et al.
(2021). The formula and all hyperparameters (it-
erations, chains, cores, thinning) are shown in Fig-
ure 7.

D.4 Generalizability and decision studies

Having estimated variance components, we use the
Generalizability Theory decision-study (D-study)
framework (Brennan, 2001c) to ask a forward-
looking question: how many LLMs and prompting
strategies would one need to average over in order
to obtain a stable estimate of the shared, persistent
error signal?

D.4.1 Generalizability Design

In a generalizability framework, the three prompt
families (base, chain-of-thought, pseudo-RAG)
are treated as sampled operationalizations from a
broader universe of commonly used strategies. The
key claim is not that these specific prompts failed,
but that variance attributable to the prompt facet—
including its interactions with LLM—is small rel-
ative to other sources. This rests on the full vari-
ance decomposition, not on the prompt main effect
alone.

We define the object of measurement as the item—
observation combination (i, ¢), and the instrumen-
tation facets as LLM (m) and prompt (p). Averag-
ing over n,, models and n, prompts, the relative
and absolute reliability coefficients are given by the
following.

Definition D.1 (Relative reliability). Let S denote
the set of all variance components estimated in
Eq. 5, and let S, = {« € S} be the subset contain-
ing the object of measurement, .. The expected
relative reliability for n,, models and n,, prompts
is

0_2

Ep: = = : 8
Pa S o7 p ®)
N o Nip

ke Sa

where ny is the product of the sample sizes of
the instrumentation facets appearing in index set k
(e.g., for interaction k = {i, ¢, m}, ng = ny,nine
where a@ = ic is the object of measurement and
thus n; = 1 and n. = 1).

Practically, we can look at the join task-transcript
ic object of measurement (as the level of unit for
a single score outside of developer control), i.e.,
So ={a e S:{i,c} Ca}l

Definition D.2 (Absolute reliability). The abso-
lute error variance includes all components. The
generalizability coefficient (index of dependability)

18

o2

b, = o« )

2
i N N

kesS

Both coefficients are computed by sampling di-
rectly from the posterior of the variance compo-
nents (rather than from plug-in point estimates),
yielding fully Bayesian credible intervals.

D.4.2 Signal Detectability

Figures 8 and 9, display Ep2 and ® as functions of
Ny, and ny,, showing rapid saturation: even modest
numbers of models and prompts suffice to recover
the shared error signal. They represent different as-
pects of the present study’s ability to capture mean-
ingful underlying signal across LLMs for cases in
€. In both when Ny v = 16 and Nppompt strat. = 3,
the reliabilities of Ep? and ® are reported in Table
7. This suggests that the estimated item-transcript
scores in this study achieve approximately the tar-
get level of consistency expected for these types of
data (0.65, see Ho and Kane 2013).

D.4.3 Interpretation

These results imply that prompt-induced shifts are
largely additive and limited in magnitude rather
than transformative. While unexplored prompts
may exist, the observed interaction structure sug-
gests that large corrective effects are improbable
unless they represent qualitatively new mechanisms
outside the sampled strategy universe. The infer-
ence is thus about effect-size stability, not prompt
exhaustiveness. In long-context transcript settings,
identifying the exact source of brittleness for any
single prompt is a Sisyphean task; the generaliz-
ability framework instead supports a probabilis-
tic claim: across a realistic and theory-informed
prompt universe, prompt choice is unlikely to pro-
duce large alignment corrections relative to the
error that is shared across all models.

We note that the shared item—observation error
is confounded with measurement error in the “true”
item—classroom score relative to VAM. Nonethe-
less, the preponderance of evidence in the present
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Figure 7: Bayesian Error Variance Decomposition: (/eft) fully crossed facet diagram for sources of variance.

(right) corresponding brms code listing.

study indicates that the LLM-correlated compo-
nent of this error is undesirable. Future work could
incorporate hierarchical rater models (Casabianca
etal., 2016), as in Hardy (2024), to estimate the true
score as a latent parameter, or apply noise-control
methods such as those illustrated in Appendix F.

Prompt Brittleness We see distributional brit-
tleness in prompting technique in the form of a
skewed, long-tailed posterior distribution (see me-
dian and upper HDI bound, Tables 1, 4, and Apdx
D). Practically, this means that certain prompting
techniques can occasionally inject large amounts
of error with no expected contribution. A dramatic
improvement from a prompt change would not be
expected to generalize to new situations.

D.5 Supplementary theory: identifiability and
interpretation

Proposition D.3 (Four-way interaction non-identi-
fiability). In a fully crossed I x C' x M x P design
with one observation per cell, the variance of the
Sfour-way interaction term Vicy,y, is not separately
identifiable from the residual variance.

Proof sketch. With one observation per cell, any
cell-specific deviation from the sum of lower-order
effects can be equivalently represented as either a
four-way interaction draw or residual noise. The
likelihood depends only on their sum, implying
non-identifiability. O

Proposition D.4 (Controllable-variance upper
bound). Let Sqey := {k € S:m € korp €

050

2

Relative O Attributable to Item-Transcript: median(EPz)

0 10 20 30 40 50
Number of LLMs Used

Different Prompt Strategies Used 4 8§ — 12 — 16

Figure 8: Reliability of Relative Shared Error Signal
for ITEMx OBS: Bayesian Decision Study for item-
transcript scores as the object of study across varying
numbers of LLMs and Prompting Techniques required
to remove LLM and prompt-specific idiosyncrasies from
the error signal. Each value is calculated directly from
sampling the posterior and extracting the median. For
this study, where Nipm = 16 and Nprompt stra. = 3, the
reliability Fp2, is 0.664-0.02 (R = 1.00). This suggests
that the estimated item-transcript scores in this study
achieve approximately the target level of consistency
expected for these types of data (0.65, see Ho and Kane
2013).

k} be the set of components involving developer-
controlled facets (LLM or PROMPT). Then the
maximum fraction of error variance that can be af-
fected by changing model and/or prompt (holding
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Table 4: Bayesian Squared Error Variance Decomposition (¢) Parameter Estimates and Fit Statistics

variable median MAD MAP HDI mean SD CI R

ITEM 0.08 0.08 0.03 [0.01,0.62] 0.14 0.17 [0.01,0.54] 0.99
LLM 0.07 0.04 0.06 [0.02,0.18] 0.08 0.05 [0.02,0.16] 1.00
OBS 0.02 0.01 0.02 [0,0.03] 0.02 0.01 [0.01,0.03] 1.01
PROMPT 0.02 0.03  0.00 [0,0.58] 0.08 0.15 [0,0.46] 1.00
ITEM:OBS 0.04 0.01 0.05 [0.01,0.06] 0.04 0.01 [0.02,0.06] 1.00
LLM:ITEM 0.03 0.01 0.03 [0.01,0.06] 0.03 0.01 7[0.01,0.05] 1.00
LLM:OBS 0.00 0.00 0.00 [0,0] 0.00 0.00 [0,0] 1.00
LLM:PROMPT 0.02 0.01 0.01 [0,0.04] 0.02 0.01 [0.01,0.03] 1.00
PROMPT:ITEM 0.01 0.01 0.00 [0,0.05] 0.01 0.01 [0,0.03] 1.01
PROMPT:OBS 0.00 0.00 0.00 [0,0] 0.00 0.00 [0,0] 1.00
LLM:ITEM:OBS 0.19 0.03 0.21 [0.05,0.23] 0.18 0.05 [0.07,0.23] 0.99
LLM:PROMPT:ITEM 0.03 0.01 0.03 [0.01,0.05] 0.03 0.01 [0.01,0.05] 1.01
LLM:PROMPT:OBS 0.14 0.02 0.15 [0.04,0.17] 0.13 0.03 [0.05,0.17] 1.00
PROMPT:ITEM:0OBS 0.02 0.00 0.02 [0.01,0.03] 0.02 0.01 7[0.01,0.03] 1.00
LLM:PROMPT:ITEM:OBS + ¢ 0.24 0.04 026 [0.06,0.29] 0.22 0.06 [0.09,0.28] 1.00

Total Prop. of 05 Attributable to Transcript or Item: median(®)

3
S

0.50
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20 30 40 50
Number of LLMs Used

Different Prompt Strategies Used 4 § — 12 — 16

Figure 9: Reliability of Absolute Shared Error Signal:
Bayesian Decision Study for any of item, transcript, or
their interaction as the objects of measurement (02 =
0? 4+ 02 4 02,) across varying numbers of LLMs and
Prompting Techniques required to remove LLM and
prompt-specific idiosyncrasies from the error signal.
Each value is calculated directly from sampling the
posterior and extracting the median. For this study,
where N iy = 16 and Nprompt swat. = 3, the reliability
<T>, Equation 9, of the mean rating across models and
prompts shows is 0.73 (R = 1.00).

the object facets fixed) is upper bounded by

Z T

kesdev

Myey :=

Interpretation. Il4., is an optimistic ceiling: it
counts as ‘“‘controllable” even those interactions

(e.g., LLM xOBS) whose direction may not gen-
eralize across new classroom segments. A small
I 4ev therefore implies that prompt/model changes
cannot be expected to deliver large, reliable align-
ment improvements.

Corollary D.5 (When prompt engineering is pre-
dictably effective). If m, and k:pek Tk are both
large and have concentrated posteriors (narrow
HDIs), then prompt changes can be expected to
vield reliable error reductions across contexts, con-
versely, small medians with wide HDIs indicate
brittle prompt behavior.

D.6 Parallel estimation on human expert
error

To aid readers less familiar with interpreting vari-
ance decompositions, we provide a parallel analysis
that replaces the LLM X PROMPT instrumentation
facets with individual human rater identifiers. This
is a different estimation from Eq. 5—the facets,
and therefore what counts as “controllable” ver-
sus “systemic,” change accordingly. The results
(Table 8) are not directly comparable in absolute
terms, but the proportional distribution of variance
is instructive.

D.6.1 Expected pattern for expert raters

If human raters are performing the rating task com-
petently, and if items vary in their contribution to
VAM (Kane et al., 2013; Hardy, 2025b), then most
observed human error should concentrate on the
item facet and item—observation interaction. This
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Table 5: Bayesian Signed Squared Error Variance Decomposition (¢*) Parameter Estimates and Fit Statistics

variable median MAD MAP HDI mean SD CI R

ITEM 0.03 0.04 0.01 [0,0.34] 0.07 0.09 [0,0.22] 1.00
LLM 0.09 0.04 0.07 [0.03,0.24] 0.10 0.05 1[0.03,0.19] 1.01
OBS 0.03 0.01 0.03 [0.01,0.05] 0.03 0.01 [0.01,0.04] 1.01
PROMPT 0.00 0.01 0.00 [0,0.5] 0.06 0.13 [0,0.47] 1.05
ITEM:OBS 0.12 0.02 0.12 [0.06,0.15] 0.11 0.02 [0.07,0.14] 1.05
LLM:ITEM 0.06 0.02 0.06 [0.03,0.11 0.06 0.02 [0.03,0.1] 1.02
LLM:OBS 0.00 0.00 0.00 [0,0] 0.00 0.00 [0,0] 1.02
LLM:PROMPT 0.01 0.01 0.01 [0,0.03] 0.01 0.01 [0,0.03] 1.01
PROMPT:ITEM 0.00 0.00 0.00 [0,0.03] 0.00 0.01 [0,0.02] 1.02
PROMPT:OBS 0.00 0.00 0.00 [0,0] 0.00 0.00 [0,0] 1.00
LLM:ITEM:OBS 0.20 0.02 0.21 [0.1,0.24] 0.19 0.03 [0.11,0.23] 1.06
LLM:PROMPT:ITEM 0.06 0.01 0.06 [0.03,0.08] 0.06 0.01 [0.03,0.08] 1.06
LLM:PROMPT:OBS 0.13 0.02 0.14 [0.07,0.16] 0.13 0.02 [0.07,0.15] 1.05
PROMPT:ITEM:0OBS 0.02 0.00 0.02 [0.01,0.03] 0.02 0.00 7[0.01,0.03] 1.06
LLM:PROMPT:ITEM:OBS + ¢ 0.17 0.02 0.17 [0.08,0.19] 0.16 0.03 [0.09,0.19] 1.05

is precisely what we find.

D.6.2 Results

The rater main effect and the observation main ef-
fect each account for 0% of variance in squared
error—individual expert biases are negligible in
the absence of interactions. For unsigned error, é
he item main effect absorbs 33.8%, and the item—
observation interaction an additional 25.2%, for a
combined 59.0% attributable to the rubric dimen-
sion and its interplay with the specific lesson seg-
ment. This is the region where “true score” mis-
match between expert ratings and VAM is most
expected (Kane et al., 2013). Rater-specific biases
on particular items or lesson segments contribute a
combined 17.3%.

This finding becomes much more pronounced
when sign is included in the error signal é*, and
éiJr . Here, the combined variance in error at-
tributable to the item alone increases to 69.3%. If
the items themselves are misaligned, we would ex-
pect humans to be highly correlated and sensitive
to the addition of such items. We also see this dra-
matic variability in the LLMs with the addition of
the three additional items.

D.6.3 Contrast with LLM error structure

For LLMs, the analogous item-plus-
itemxobservation share is only 15% of total
error variance. The error structure of expert
humans is thus concentrated where theory predicts
it should be—on the constructs being measured—
whereas LLM error disperses across high-order

interactions involving model and prompt, indi-
cating instability rather than construct-related
variation. Proportions absorbed by the residuals
are similar between LLMs and humans, so the
variation in shares is comparable.

The code for the estimations of the models can
be found in code Listing D.6.3

Ime4::1mer (errSCORE ~
(11 ITEM)
(1] 0BS_CHAP)
(1| RATERID)
(1| ITEM: OBS_CHAP)
(1| RATERID: ITEM)
+ (1| RATERID:O0BS_CHAP),
data = df,
control=1merControl (optimizer="bobyqa"))

+ + + +

E Measures and Metrics

E.1 Measuring Dependence with Distance
Correlation

In this appendix, we provide a self-contained tech-
nical overview of the bias-corrected squared dis-
tance correlation, the primary statistic used in our
analysis to quantify the dependence between raters.
We first motivate the need for a measure beyond tra-
ditional linear correlation and then formally define
the statistic and its properties.

E.1.1 Motivation: Beyond Linear Correlation

A common method for measuring the association
between two random variables, U and V/, is the
Pearson product-moment correlation coefficient,
p(U, V). While widely understood, Pearson’s p
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Table 6: Bayesian Signed Squared Error Extended Variance Decomposition (é(ﬂ)) Parameter Estimates and Fit
Statistics for all replication study items. Note the large difference in Item variation when other items are included

and the decrease in Prompting volatility.

variable median MAD MAP HDI mean SD CI R

ITEM 0.29 0.13 0.27 [0.14,0.63] 0.33 0.14 [0.15,0.59] 0.99
LLM 0.04 0.03 0.04 [0.01,0.16] 0.05 0.04 [0.01,0.12] 0.99
OBS 0.07 0.02 0.07 [0.03,0.09] 0.07 0.02 [0.04,0.09] 1.00
PROMPT 0.00 0.00  0.00 [0,0.23] 0.02 0.06 [0,0.13] 1.01
ITEM:OBS 0.09 0.02 0.09 [0.04,0.12] 0.08 0.02 [0.05,0.11] 1.01
LLM:ITEM 0.04 0.01 0.04 [0.02,0.07] 0.04 0.02 7[0.02,0.07] 1.00
LLM:OBS 0.01 0.00 0.01 [0,0.01] 0.01 0.00 7[0.01,0.01] 1.00
LLM:PROMPT 0.01 0.01 0.01 [0,0.03] 0.01 0.01 [0,0.03] 1.01
PROMPT:ITEM 0.00 0.00 0.00 [0,0.01] 0.00 0.00 [0,0.01] 1.00
PROMPT:OBS 0.00 0.00 0.00 [0,0] 0.00 0.00 [0,0] 1.02
LLM:ITEM:OBS 0.12 0.02 0.13 [0.06,0.16] 0.12 0.03 [0.07,0.16] 0.99
LLM:PROMPT:ITEM 0.05 0.01 0.05 [0.02,0.07] 0.05 0.01 [0.03,0.07] 1.00
LLM:PROMPT:OBS 0.04 0.01 0.05 [0.02,0.06] 0.04 0.01 7[0.03,0.05] 0.99
PROMPT:ITEM:OBS 0.03 0.01 0.03 [0.01,0.03] 0.02 0.01 [0.01,0.03] 0.99
LLM:PROMPT:ITEM:OBS + ¢ 0.15 0.03 0.16 [0.07,0.2] 0.15 0.03 [0.09,0.19]1 0.99

Table 7: Decision Study: performing a similar set of
estimations to the LLM variance decomposition, except
using the human experts on same test sets. We estimate
the coefficients for generalizability and dependability
for each of the same decompositions, €, 6%, and et

(+)
for two units of measurement
Metric  Unit of Measure é &+ éa)
E,é2 CxT 0.657 0.837 0.819
0] CxT 0.551 0.790 0.781
Eﬁg {CxZI,CT} 0.819 0.839 0.946
P {CxZ,C,T} 0.732 0.809 0.931

Table 8: Human Error Variance Decomposition: per-
forming a similar set of estimations to the LLM variance
decomposition, except using the human experts on same
test sets. We estimate the percentage of human expert-
VAM error for each of the same decompositions, é, é¥,
and é- using Restricted Maximum Likelihood with

(+)
lmer (Bates et al., 2015).

Facet Pct(é) Pct(é*) Pct(éa) )
ITEM 33.76 63.75 69.27
OBS 0.00 0.00 1.10
RATERID 0.00 0.00 0.00
ITEM:OBS 25.22 13.73 11.84
RATERID:OBS 12.85 8.01 3.69
RATERID:ITEM 4.42 3.27 3.35
RATERID:ITEM:OBS +€¢ 23.76 11.24 10.75

is designed to detect only linear relationships. It
can be zero even when the variables share a strong,
deterministic, but nonlinear relationship (e.g., V =
U? for a symmetric U).

In the context of this study, we are comparing
rating distributions from different sources (LLM-
LLM, LLM-human). There is no a priori reason
to assume that the relationship between two sets of
ratings is linear. For example:

* One model might use a compressed range of
scores compared to another, leading to a curvi-
linear relationship.

* Two raters might agree on clear-cut cases
(very high or very low quality instruction)
but diverge in their assessment of moder-
ately effective instruction, producing a non-
monotonic relationship.

Relying on a linear measure in such cases would
systematically underestimate the true degree of be-
havioral correspondence between the raters.

To overcome this limitation, we employ the dis-
tance correlation, a non-parametric measure of de-
pendence introduced by Székely et al. (2007). Dis-
tance correlation is designed to capture any type of
statistical dependence between two random vectors
of arbitrary and not necessarily equal dimension.
Its central property, which makes it exceptionally
powerful, is that the population distance correlation
is zero if and only if the variables are statistically
independent.
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E.1.2 The Bias-Corrected Squared Distance
Correlation

We now formally define the squared distance cor-
relation and its bias-corrected sample estimator,
which we denote dCor We focus on the squared
value, as it is more convenient for statistical infer-
ence and bias correction.

Let (X,Y) = {(ak,yx) : Kk =1,...,n} bea
statistical sample of n paired observations from a
joint distribution (U, V'). In our case, xj and y
represent the scalar ratings given by two different
raters to the k-th classroom transcript.

Sample Distance Matrices The computation be-
gins by constructing Euclidean distance matrices
for each variable. Let the n x n distance matrix for
the X sample be a, with entries:

apl = ||zk — x| = |2k — 1), (10)

and similarly for the Y sample, b, with entries
b = |yr — yi|- The use of absolute differences
is a specific case of the Euclidean norm for scalar
ratings.

Double Centering and Sample Distance Covari-
ance To make the measure invariant to rigid trans-
formations (translation and orthogonal rotation),
the distance matrices are double-centered. For each
element ay; in the distance matrix a, we compute
its centered counterpart Ay;:

1D

A= ap — ag. — ag+ a..,

where aj. = %2?21 aj; is the k-th row mean,
a; = % ZZ:1 ay; is the [-th column mean, and
a. = % > k=1 akl is the grand mean of the dis-

tance matrix. The same procedure is applied to b
to obtain the centered matrix B.

The sample squared distance covariance,
dCov2(X,Y), is the arithmetic average of the
products of the corresponding centered distances:

n
— > AuBu.

k=1

dCov2(X,Y) = (12)

The sample squared distance variances are the
distance covariances of each variable with itself:
dCov2 (X, X) and dCov2(Y,Y).

E.1.3 The Bias-Corrected Estimator

The natural (but biased) sample estimator for the
squared distance correlation is the ratio of the sam-
ple squared distance covariance to the product of

the sample distance standard deviations. However,
this estimator is positively biased for finite samples;
it will be non-zero on average even for independent
variables. This bias complicates inference, espe-
cially with moderate sample sizes.

To address this, Szekely and Rizzo (2014) intro-
duced a bias-corrected estimator, which we denote
dCor?(X,Y). Itis based on a U-statistic estimator
of the squared distance covariance, which is unbi-
ased. The computation involves a slightly different
centering:

n
E Qa4
i=1

(13)

. 1 < 1
Akl_akl_n_zj;akj_n_2

+(n—1 n—2) ]zjla”

The unbiased estimator of squared distance covari-
ance is then:

dCOV 2 XY) = (14)

Z Ay By

k;él

The bias-corrected squared distance correlation,
dCor?, is constructed as the ratio of these unbi-
ased estimators:

dCov 2(X,Y)

dCor?(X,Y) =

dCov. (X, X)dCov.(Y,Y)

(15)
Due to the bias correction, dCor? can take small
negative values when the true dependence is zero
or near-zero. In practice, negative estimates are
typically treated as evidence of independence and
can be reported as zero. The statistic is bounded
above by 1.

E.1.4 Key Properties

The power of distance correlation is summarized
in the following from Székely et al. (2007): Let
U and V be random variables with finite first
moments. The population distance correlation
dCor(U, V) = 0 if and only if U and V are sta-
tistically independent. This property guarantees
that distance correlation will detect any departure
from independence, linear or not. In contrast, Pear-
son correlation’s analogous property holds only for
bivariate normal distributions. By using the bias-
corrected estimator dCorfL, we obtain a reliable and
sensitive measure of the dependence between rater
judgments, robust to the specific functional form of
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their relationship and suitable for the sample sizes
in our study. This makes it the ideal tool for uncov-
ering the subtle but strong patterns of behavioral
convergence among LL.Ms documented in Section
5.1

E.2 Disattenuated Stacked Correlations for
Underlying VAM

By stacking both VAM measures (STA and ALT
in Eq. 16) (Kane and Staiger, 2008, 2012) at the
teacher-year level, we can estimate the correlation
of the underlying value-added to student learning
through these two standardized measures. The cor-
relation between the two VAMs is reduced by the
fact that there is measurement error in both esti-
mates for a given teacher-year.

We can use the noise-ceiling, the geometric
mean of the product of implied reliabilities with
the underlying value add, to disattenuate the corre-
lation from some of the measurement error. This is
because the correlation between either measure and
the underlying value-add is the square root of the
correlation between the two noisy measures (Kane
and Staiger, 2012).

Ts,v

\% 7—?STAy{/ALT

We use this relationship when measuring the cor-
relations between classroom ratings and the under-
lying teacher value-add on student learning. This
scalar transform for the y-axis has no effect on po-
sitions (only changing the y-axis tick marks) in
Figure 4. The findings of the study are robust to
(and would be strengthened by) additionally utiliz-
ing Greiner’s equality, p = sin (%E [T]) (Greiner,
1909) when performing this transformation. We
report the results without this transformation both
for simplicity and to better preserve the alignment
nature of 7.

TS,y = (16)

E.3 Expert Ensembling

Conventional wisdom suggests that ensembling
multiple models improves robustness and accuracy
by leveraging diverse model strengths or averaging
out independent errors. Our findings directly chal-
lenge this assumption for educational evaluation
tasks. We tested two conceptually opposed ensem-
ble strategies: (1) pedagogy-expertise weighting,
which weights model votes by performance on an
Al pedagogy benchmark (Leligvre et al., 2025),!°

!OFindings are robust to using other expertise benchmark
scores such as MMLU-Pro and math-specific benchmarks

and (2) unanimous voting, which selects only
cases where all models agree, distilling their shared
consensus.

For a set of models F = {fi,..., fx}, the
pedagogy-weighted ensemble score for transcript ¢
on task j is:

K
Zi{:l Wk

where wy, represents model fj’s performance on a
pedagogy knowledge benchmark (we test MMLU
Education subset, MMLU Mathematics, and a spe-
cialized mathematics pedagogy benchmark). The
unanimous ensemble restricts analysis to the subset
Tunan = {t : Spitj = Spotj = -+ = Spes} of
transcripts where all models assign identical rat-
ings.

Figure 4 (middle and bottom rows) reveals that
both ensemble strategies not only fail to improve
alignment with student learning but dramati-
cally worsen it for several critical instructional
dimensions. For REMED (remediation of student er-
rors), pedagogy-weighted ensembles (middle row)
shift the alignment distribution downward: median
TSyeigneay” dECTEAses from approximately —0.15 (in-
dividual models) to —0.28 (weighted ensemble),
a statistically significant degradation (p < 0.01,
bootstrap test). Similarly, for CLBM (behavior man-
agement), unanimous voting ensembles (bottom
row) shift dramatically lower 75, v < —0.2, com-
pared to the more dispersed individual model dis-
tribution.

Sweighted,tj = (17)

F Alternate Methods for Downstream
Task Alignment: BLUPs

F.1 Teacher Skill Model Best Linear Unbiased
Predictions (BLUPs)

A teacher skill model described allows us to cap-
ture the nested structure of the data and account
for various sources of random variation, includ-
ing teacher effects, rater bias, lesson-specific fac-
tors, and skill-specific effects. By modeling these
sources of variance as random effects, we obtain
more accurate estimates of the underlying teacher
skill. The strength of this approach is that it helps
isolate the parts of the variation attributable to spe-
cific teacher skill targeted by the rubric item, which
is particularly important where there may be corre-
lations across skills.
The detailed model specification is given by:
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Bias Corrected Squared Distance Correlations
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Figure 10: Between and Within LLM Distance Correlations: MQI, distance correlations nonparametric measure
of dependence between and within rater families across MQI items. Correlation are conducted at the item-transcript
level using pairwise-complete observations. Nonsignificant relationships (at o < 0.05) are shown as blank after
adjusting for family-wise error rate using the Bonferroni correction. Hierarchical clustering is done using complete
linkages.
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Bias Corrected Squared Distance Correlations
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Figure 11: Between and Within LLM Distance Correlations: CLASS, distance correlations nonparametric
measure of dependence between and within rater families across CLASS items. Correlation are conducted at the
item-transcript level using pairwise-complete observations. Nonsignificant relationships (at o < 0.05) are shown
as blank after adjusting for family-wise error rate using the Bonferroni correction. Hierarchical clustering is done
using complete linkages.
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Srjsli =p+Vvit+tuv+v;+ v+ Vst
Vji + Vil + Visilei + Vri + Vi + Vrsilii

+ Vrji + Vpjtsi + Vrj + €rjsilii (18)

where S,.;5; represents the score for Item j given
by Rater r, during class segment s within lesson [
taught by teacher 7. Here, p is the overall mean, and
the random effects capture the hierarchical variance.
Our focal component for evaluating model anno-
tations at the classroom transcript level is v,
which encapsulates the variation attributable to the
observable teacher skill for each segment after ac-
counting for other sources of variation. This allows
us to estimate BLUPs for the individual transcript
sections seen by the models, thereby isolating the
variation associated with the specific task of inter-
est, Ujs.14, which is used in the correlation analyses.
A breakdown of the notation for the model is be-
low:

* X, jqi represents the rating for the ¢-th teacher,
by the r-th rater, on the j-th skill, during the
s-th segment, for the [-th lesson.

* u is the overall grand mean.

e y; is the random effect for the i-th teacher.
Interpretation: some teachers receive higher
ratings than others. !!

¢ v, is the random effect for the r-th rater: some
raters are more lenient than others.

* v; is the random effect for the j-th skill item:
some items are easier than others.

* v, is the random effect for the interaction
between rater and skill. Some raters score
certain items higher.

e y;.; is the random effect for the [-th lesson
within a teacher: some lessons receive higher
ratings than others. Confounded with teacher
overall score dependence on lessons.

* vz 1S the random effect for the s-th seg-
ment of the [-th lesson for the i-th teacher. A
segment is the unit of one transcript: some
lessons receive higher ratings than others.
Confounded with lesson overall score depen-
dence on segments.

* vj; is the random effect for the interaction
between the skill and teacher: some teach-
ers score higher on some skills. This compo-
nent will be used to estimate BLUPs of the
expected skill level for a teacher.

"For holistic evaluations, this might be considered the “true
score” of a teacher’s overall performance.

* vji;; is the random effect for the interaction
between skill and lesson: some lessons score
higher on some skills.

* Vjs.: 1 the random effect for the interaction
between skill and segment: some segments of
lessons receive higher scores than others. This
component will be used to estimate BLUPs at
the transcript level.

* v,; 1s the random effect for the interaction
between rater and teacher: some raters score
certain teachers higher.

* v, 18 the random effect for the interaction
between rater and lesson. Some raters score
certain lessons higher.

* vp4; is the random effect for the interaction
between rater, skill, and teacher: some raters
score certain teachers higher on some items.

* vpj1; 1s the random effect for the interaction
between rater, skill, and lesson: some raters
score certain lessons higher on some items.

* €,jst; 18 the residual error term.

F.1.1 Code Listing

Below is the code used for the estimation of the
model defined by Equation 18 using 1me4 syntax.
The model was estimated using restricted maxi-
mum likelihood (REML) with the BOBYQA opti-
mizer. The variable names are the same found in
the original study (Kane et al., 2015). Scores were
minmax scaled to [0, 1] prior to estimation.

+ (1 | RATERID) + (1 | RATERID:ITEM)
+ (1 | RATERID:NCTETID)

+ (1 | RATERID:OBSID:CHAPNUM)

+ (1 | OBSID/CHAPNUM)

+ (1 | OBSID:CHAPNUM:ITEM)

+ (1 | OBSID:ITEM)

+ (1 | NCTETID:ITEM)

+ (1 | RATERID:ITEM:NCTETID)

+ (1 | RATERID:OBSID:ITEM)

+ (1 | RATERID:0BSID), data = df,

control=1lmerControl (optimizer="bobyqa"))
\caption{Target Teaching Skill

— Estimation Model Code}
\label{code:1lmefit}

BLUP Extraction BLUPs were extracted
Ime4: :predict(model, re.form = (1]
NCTETID:ITEM)) and 1me4::predict(model,
re.form = (1 | OBSID:CHAPNUM:ITEM)) for
the respective vj; and vz

Parameter Estimates Parameter estimates for
the model are in Table 9.
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Table 9: Mixed Effect Estimates for Teacher Skill Model

Parameter Group Effect Type  Coefficient CILow CI High

(Intercept) — Fixed 0.46 0.33 0.58

Segment Wy, Random (0,%) 0.03 - -
RATERID:OBSID:ITEM Random 0.09 - -
RATERID:ITEM:NCTETID Random 0.03 - -
RATERID:OBS_CHAPS Random 0.03 - -
RATERID:ITEM Random 0.05 - -
RATERID:OBSID Random 0.04 — -
RATERID:NCTETID Random 0.02 - -
OBSID Random 0.02 - -
Residual Random 0.16 - -
NCTETID Random 0.03 - -
RATERID Random 0.03 - -
ITEM Random 0.32 - -

G Alternate Methods for Intended
Impact Alignment: Refined VAM
Residualization Model

G.1 Refining VAM Measurements

For the y-axis, we measure the alignment between
transcript ratings and end of year value-added mea-
sures. To assess the alignment between Large Lan-
guage Model (LLM) ratings of teacher skills and
student learning gains, we employ teacher value-
added measures (VAMs) derived from standard-
ized assessments. However, VAMs operate at the
teacher or teacher-year level, while LLM ratings
are generated at the finer-grained lesson-segment-
by-teacher-skill level.

Naive aggregation of LLM ratings would be in-
appropriate due to the sparse and unbalanced nature
of the data, as LLM evaluations were only available
for short segments of lessons and for a subset of
teacher skills. To bridge this gap in granularity and
isolate the relationship between LLM ratings and
VAMs, we employ a two-stage approach involving
a mixed-effects model and subsequent semipartial
correlation analysis.

The residuals from this model, which represent
the VAMs after accounting for confounding vari-
ables, are then used to compute semipartial corre-
lations. We opted for semipartial correlations to
ensure that the controls applied to the dependent
variable (VAMSs) remain constant across all LLMs,
facilitating fair comparisons.

To remove confounding variance from the VAM
signal, we construct a comprehensive mixed-effects
model to partition the variance in teacher VAMs,
accounting for 1) variables that would contribute to

VAM scores that are unrelated to a teacher’s instruc-
tional practice and 2) variables that would mediate
the relationship between an observer’s score and
VAM. This model allows us to isolate the resid-
ual variance in VAMs specifically attributable to
observable instructional skills, along with any re-
maining measurement error. By residualizing the
VAMs, we remove variation attributable to the rep-
resentativeness of the lesson segment, and remove
confounds potentially introduced by our decision to
model with all the information (various VAMs and
all 25 items), and account for the various program-
matic, curricular, student population, and school-
year related relationships to

This methodological approach addresses several
key challenges:

1. Granularity mismatch: By using lesson-
segment level residuals, we preserve the fine-
grained nature of LLM ratings while relating them
to year-level VAMs.

2. Unbalanced observations: Our approach ac-
counts for the fact that LLM ratings typically cover
only one section of a lesson, with little overlap
between teachers observed.

3. Preservation of meaningful variance: The
random effect for teachers, scaled by the difference
between observed and expected performance, re-
tains more variance for teacher observations that
are closest to their typical performance.

4. Ordinal nature of ratings: The use of
Kendall correlations acknowledges the ordinal na-
ture of most teaching quality ratings and focuses on
directional alignment rather than precise numeric
agreement.
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5. Multiple sources of VAMs: By incorporating
multiple types of VA measures, we account for dif-
ferences in assessment season relative to classroom
observations.

G.2 Value-added Measures

Two complementary value-added measures are
used at two levels of aggregation: VAMs calcu-
lated from formal state standardized assessments
and another from study-specific, low-stakes and
informal assessments, aggregated at the teacher-
year level and across years. Although imperfect,
together the VAMs provide a more robust measure
with the underlying teacher value-add. The residu-
alization model is estimated using all information
from available VAM types. Only VAM residuals
corresponding to the same teacher-year as observed
lesson transcript are used for the subsequent semi-
partial correlations.

By stacking VAMs from both the state and the
study-specific exams, we can correlate rater and
LLM scores against the underlying teacher value-
add as measured through these instrument. We can
then use the correlation of these VAMs to correct
for rater correlations against this underlying value-
add.

G.2.1 Controls for Confounding

The analysis further controls for numerous con-
founding factors, including district, season of ob-
servation, grade level, class composition, teacher
experience, class size, and subject-specific exper-
tise, to isolate the effect of instructional quality on
student outcomes.

G.2.2 Controls for Divergence from Typical
Teacher Skill

To address the issue of differing levels of granular-
ity, we leverage Best Linear Unbiased Predictors
(BLUPs) extracted from the fully crossed random
effects model described in the previous section (and
explicitly defined in Eq, 18) to isolate the signal
most relevant to interpreting the relationships be-
tween ratings of instructional quality and student
learning.

Specifically, we estimate two BLUPs with this
model. The first, 4, was used in the previous
section and estimates the skill level displayed by
a teacher during a specific segment of a lesson.
The second, 7j;, estimates the latent ability for a
specific skill for a teacher across all observations.
The difference between these, Ay; j = Ujg.0:i — Vjuis

provides a metric that captures the representative-
ness of a particular lesson segment in relation to
the teacher’s overall skill profile. This difference
is then used as a predictor in a linear mixed-effects
model to adjust the VAMs for the representative-
ness of each lesson segment.

The residualizing model is stylized as follows:

Vigs:tiityvj = B1Da + B2Gg + B3(DaGy)
+ BcCeysyt + BsSasyi
+BrTi + TM
+ Vdgisv [Dd X (Gg X Yy + ms:l)]
+ Vagiso[Da X (Gg X Yy +mgq) X v]
+ ViagisoSs + 1tAsij + €dgsyt

where:

* Vigsyt;j represents the stacked teacher VAM
for district d, grade g, school S, year y, and
term ¢, incorporating multiple standardized as-
sessment outcomes. Stacking multiple VAMs
increases the reliability of the overall teacher
effectiveness measure and mitigates potential
biases associated with the season of assess-
ments relative to classroom observations.

* D, fixed effects systematic differences in stu-
dent achievement attributable to District- pro-
grammatic and curricular policies and prac-
tices. The inclusion of the interaction term ac-
knowledges the potential for district-specific
effects by grade-level G, for curricular and
programming decisions.

* Ciysyt> Sqsyt» and T; represent vectors of
class-, school-, and teacher-level covariates,
respectively. These include prior achievement,
student demographics, class size, school size,
teacher experience, and measures of teacher
knowledge. These covariates control for fac-
tors that influence student achievement that
would not be observable by raters of instruc-
tion or are not directly related to the teacher
instructional quality.

* M,,, vectors of lesson segment (s) within
the lesson (/)-specific covariates with respect
to the time during the school year, length of
class, and the unrepresentativeness of the ob-
servation with respect to the teacher’s average
expected level of performance, Ag; ;.

- Ag; ; represents the difference between
the teacher’s observed skill level in a
specific lesson segment (74;) and their
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overall mean skill level (7;;), calculated
as Asi,j = ﬁjsli — ﬁji. These Best Lin- outcome
ear Unbiased Predictors (BLUPs) are
derived from a separate, fully crossed
mixed-effects model in Equation 18 and
incorporated here to weight each lesson
segment according to its representative-
ness of the teacher’s overall skill pro-
file. This approach allows us to pre-
serve the variance contributed by lesson
segments that are most indicative of the
teacher’s typical performance, support-
ing observation-level inference.

* Random effects, v 4450, are crossed and in-
dexed by district, grade, time during the
school year, type of value-added measure
Vdglsv [Dd X (Gg X Yy +ms:l) X (1 —|—’U) + SS],
account for the nested structure of the data and
the potential correlations within districts and
between different types of VAM (v). Addition-
ally, each school Sg has a random slope to ac-
count for variance not attributable to the fixed
effects. It is important to not use a school-
level random effect since a fixed effect would
distort the residuals, for example, in schools
where all teachers were good

* The random slopes for each teacher ; are with
respect to Ag; ;, allows for teacher-specific
variation in the relationship between lesson
segment representativeness and VAM, pre-
serving the variation for those segments that
are more representative of the teacher.

* €dgs:l:ityv; represents the residual error, which
retains the 1) variation in VAM attributable to
each lesson segment, scaled by its represen-
tativeness vis-a-vis the teacher, whose effects
on VAM are lessened as the segment diverges
from the teacher’s average, 2) measurement
error, and 3) any remaining bias from omitted
variables.

We represent the residualized VAM values for
an individual teacher €4gs.1:ity0; = f/sjv, for each
unique nested segment-skill-VAM intersection. For
use in the semi-partial correlations of the main
portion of this study, we use only the subset of the
residuals corresponding to the end of year VAMs
on the state assessment and alternative assessment
(original study) v € {ST A, ALT},, to better align
teaching practices to same-year outcomes.

Below is the code listing for the model specifica-
tion using the 1me4 software in R.
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DISTRICT*GRADE ## District
— fixed effects and grade
— fixed effect baselines
V_CS_ALT_IRT_M_TM1 ## class
< mean standardized student
— performance on BOY
<> assessment
V_CS_STATE_STD_M_TM1 ## class
< mean standardized student
— performance on previous
— year math assessment
V_CS_STATE_STD_E_TM1 ## class
< mean standardized student
— performance on previous
< year English/reading
—> assessment
V_CCLASS_SIZE ## class size
MAXCHAP ## length of class
— observed
V_CS_SPED ## class prop. of
— SPED students
V_CS_LEP ## class prop. of
— English Learners
V_CS_FRPL ## class prop. of Low
— -SES students
ACCURACY_yr_est ## standardized
— measure of teacher
< accuracy in predicting
— their student's errors
KOSM_yr_est ## standardized
— measure of teacher
— knowledge of common
— student misconceptions
MATH_KNOWLEDGE _yr_est ##
— standardized measure of
— teacher knowledge of
— mathematics for
< instruction
RepDelta ## difference between
the BLUP-estimated scores
of this observation and
BLUP-estimated teacher
average for that
observational item
TIMING ## season/month during
<~ the year of the
— observation
V_SS_FRPL ## school prop. of
— Low-SES students
V_SS_SPED ## school prop. of
— SPED students
V_SS_LEP ## school prop. of
— English Learners
V_SS_STATE_STD_M_TM1 ## school
— mean standardized student
— performance on previous
— year math assessment
V_SS_STATE_STD_E_TM1 ## school
— mean standardized student
— performance on previous
— year English/reading
— assessment
V_SSCHOOL_SIZE ## school size
(1| DISTRICT: GRADE : SCHOOLYEAR_SP
— ) ## variations in
<~ programming, resources,
< and capacity in districts
— by grade and year

USRI




+ (1|ITEM:outvar) ## variation in
— how each teacher skill
— may be related to
— different VAMs
+ (1|DISTRICT:TIMING:outvar) ##
variation with respect to
the academic calendar and
the timing of the
assessments used in VAM (
capturing district-1level
variation around test prep
or instructional
initiatives)
ISTRICT: GRADE : SCHOOLYEAR_SP
:outvar) ## variation of
emphases and curricula for
districts during
different seasons of the
year, with respect to the
kind of outcome (capturing
district-level variation
around test prep or
instructional initiatives)
RepDelta |[NCTETID) ##
variation by teacher,
which have a random slope
to control the teacher
variation with difference
between the BLUP-estimated
scores of this
observation and BLUP-
estimated teacher average
for a given teacher skill,
preserving more of the
teacher effect in the
residual where the
observation is more
similar to the teacher's
average.

L A A A A A A A A

+
~
S
+

L A A A A

G.3 Residualized VAM model parameters and
results

Figure 12, which follows the same format and
notation as Figure 4 and the following tables re-
port out the results from the alternative estimation
methods. Note the similarity in distribution shapes
when estimated using the more sophisticated noise-
controlling technique to simple alignment of just
tau from the main body.

Table 10: Measures of fit for Residualization

Parameter Fit

R2 (conditional) | 0.26

R2 (marginal) 0.14

Sigma 0.12
H Al Use

Al assistants (Gemini 2.5) was used during final
revision to polish writing. We have mixed feelings

Table 11: Mean VAM-alignment estimates across mod-
els after noise control, including three additional items
from replication study.

Item Estimate (CI) p-value
All -0.156 (-0.205, -0.107) 0
CLBM -0.356 (-0.426, -0.287) 0
CLINSTD  -0.139 (-0.21, -0.069) 0
LANGIMP -0.181 (-0.23,-0.131) 0
REMED -0.233 (-0.282, -0.183) 0
CLPC -0.141 (-0.212, -0.071) 0
EXPL -0.212 (-0.261, -0.162) 0
SMQR -0.124 (-0.174, -0.074) 0

about its ability to do the task well. We tried Claude
for camera-ready polishing, which we mostly had
to unpolish.
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Parameter Coefficient CI t p
DISTRICT [11] 0.41 [0.15, 0.67] 3.09 0.00
DISTRICT [12] 0.20 [-0.06, 0.46] 1.54 0.12
DISTRICT [13] 0.60 [0.34, 0.86] 4.52 0.00
DISTRICT [14] 0.14 [-0.12,0.4] 1.07 0.29
GRADE -0.10 [-0.16, -0.04] -3.47 0.00
V CS ALT IRT M TM1 0.14 [0.14, 0.14] 319.98 0.00
V CS STATE STD M TM 1 -0.02 [-0.02,-0.02] -34.29 0.00
V CS STATE STD E TM1 -0.11 [-0.11,-0.11] -194.07 0.00
V CCLASS SIZE 0.00 [0, 0] 9.34 0.00
MAXCHAP 0.00 [0, 0] 66.59 0.00
V CS SPED 0.01 [0.01,0.01] 11.58 0.00
V CS LEP 0.03 [0.03, 0.03] 39.37 0.00
V CS FRPL 0.03 [0.03, 0.03] 27.82 0.00
ACCURACY yr est 0.01 [0,0.01] 21.93 0.00
KOSM yr est 0.00 [0, 0] -12.57 0.00
MATH KNOWLEDGE yr est 0.01 [0.01,0.01] 88.31 0.00
samprep 0.00 [-0.01, 0] -0.80 0.43
TIMING [WINTER] 0.02 [0.01, 0.04] 2.51 0.01
TIMING [SPRING] 0.03 [0.01, 0.05] 330 0.00
TIMING [FALL] 0.04 [0.02, 0.05] 391 0.00
V SS FRPL 0.03 [0.03, 0.04] 25.00 0.00
V SS SPED -0.16 [-0.16,-0.15]  -90.17 0.00
V SS LEP -0.02 [-0.02,-0.02] -15.78 0.00
V SS STATE STD M TM1 -0.04 [-0.04,-0.04] -49.53 0.00
V SS STATE STD E TM1 0.05 [0.05, 0.05] 69.43 0.00
V SSCHOOL SIZE 0.00 [0, 0] -114.14 0.00
DISTRICT [12] x GRADE 0.05 [-0.03,0.13] 1.13  0.26
DISTRICT [13] x GRADE -0.03 [-0.11, 0.05] -0.70  0.48
DISTRICT [14] x GRADE 0.06 [-0.02,0.14] 1.36  0.17
sd(NCTETID) 0.04 NA NA
sd(DISTRICT:GRADE:SCHOOLYEAR_SP:outvar) 0.02 NA NA
sd(DISTRICT:TIMING:outvar) 0.03 NA NA
sd(DISTRICT:GRADE:SCHOOLYEAR_SP) 0.03 NA NA
sd(Residual) 0.12 NA NA
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Teaching Alignment (De-biased Ratings)

Figure 12: see the caption of Figure 4 for full description of details. The difference is that the axes have undergone
the noise controlling transformations of this appendix prior to plotting.
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