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Abstract

Knowledge distillation is a primary strategy to produce powerful small models,1

where a “student” learns to mimic the generations of powerful “teacher” models. It2

is of high practical value to understand what makes a teacher suitable for distillation,3

so that one can efficiently identify the teacher that leads to the best student from a4

possibly large set of candidates. In this work, we show that good teachers should5

both align with the students and provide diverse training signals. Combining both6

leads to a single metric, GradCV, that strongly correlates with the student’s post-7

distillation performance. We demonstrate the effectiveness of GradCV on GSM8k8

and MATH with LLama and OLMo student models.9

1 Introduction10

Distillation is an efficient and effective method to produce capable small models from existing,11

powerful large models across many settings. In this work, we focus on the specific case of training12

autoregressive language models on the generations produced by a teacher model. It is difficult to13

select the right teacher for a given student and task, given the large number of available models and14

the counterintuitive fact that a better model is not always a better teacher. The current approach15

of guess-and-check is costly, because it requires collecting generations from a capable teacher and16

subsequently training a student on those generations. Additionally, the specific hyperparameters used17

in both phases can dramatically affect the final performance of the student, underscoring the need for18

careful, repeated testing to select the right teacher. As such, the current work seeks to address the19

following question.20

Given a pool of candidates, can we efficiently identify the best teacher for a given student and task?21

In this work, we address this question by identifying two factors that strongly correlated with the22

student’s performance after distillation. The first is the alignment between the teacher and the student.23

One example is capacity gap (Mirzadeh et al., 2019), which is known to affect both generalization and24

learning speed of the student (Mirzadeh et al., 2019; Harutyunyan et al., 2023; Panigrahi et al., 2025).25

In this work, we use the gradient norm of the student as a proxy of the alignment, where smaller norms26

are associated with better alignment, basing loosely on intuitions from convex problems. Another27

factor is the diversity of the teacher’s generations, which is commonly used in data selection (Ash28

et al., 2019; Jung et al., 2025; Wang & Gu, 2025).29

Based on these observations, we propose a metric, GradCV, that strongly correlates with the student’s30

distillation performance from a teacher. GradCV is efficient to compute, requiring only the gradients31

of the student at the beginning of training, and a few teacher generations. Empirically, GradCV32

can be used to guide the selection of both the teacher model and its generation temperature, a key33

hyperparameter that crucially affects distillation performance (Zheng & Yang, 2024; Peng et al.,34
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Figure 1: Comparing metrics on GSM8k (left) and MATH (right), in terms of Pearson correlations
(blue) and Spearman correlations (orange). The proposed GradCV most strongly correlates with the
student’s test performance on both datasets.

2024). Results on GSM8k (Cobbe et al., 2021) and MATH (Hendrycks et al., 2021) demonstrate the35

effectiveness of the metric (Figure 1).36

1.1 Related work37

Knowledge distillation Knowledge distillation is a classic method used to improve the optimization38

and generalization of a small model (Hinton et al., 2015). A counterintuitive finding is that a better-39

performing model is not necessarily a better teacher, which has been observed in both classic40

classification or regression settings (Mirzadeh et al., 2019; Jafari et al., 2021; Harutyunyan et al.,41

2023) and more recently in language models (Zhang et al., 2023a,b; Xu et al., 2024; Panigrahi et al.,42

2025). For language models, one can distill from either the logits of the teacher or the generated43

texts. 1 While the former can lead to better student performance, it is more computationally costly,44

requires higher access, and is less flexible due to tokenizer choices. We hence focus on distilling45

from generated texts (Eldan & Li, 2023; Li et al., 2023; Busbridge et al., 2025).46

Alignment and coverage in RL Despite the simplicity of the concept, the design space of distilla-47

tion can be complex (Peng et al., 2024). The teacher choice unsurprisingly has a big impact, but one48

counterintuitive finding is that a strong teacher is not always a better teacher (Mirzadeh et al., 2019;49

Jafari et al., 2021; Harutyunyan et al., 2023; Panigrahi et al., 2025). A widely accepted explanation50

is the so-called capacity gap, which posits that the student can become worse when the teacher is51

“far” and hence harder to distill from. This is consistent with our positive correlation between the52

teacher-student alignment and the student’s post-distillation performance.53

Alignment also ties to the notion of coverage in reinforcement learning. Indeed, autoregressive54

training on teacher generations can be viewed as a form of behavior cloning, for which increasing the55

coverage is provably beneficial (Song et al., 2024; Huang et al., 2025; Rohatgi et al., 2025).56

Diversity in data selection For text-based distillation, selecting the best teacher can be considered57

as selecting the best subset of samples from the generations of all teachers. This can be considered as58

a (more structured) special case of data selection, whose goal is to identity the most useful samples59

given a data budget (Sorscher et al., 2022; Xia et al., 2024; Albalak et al., 2024). Among numerous60

metrics, the most relevant to us gradient-based diversity measures. In particular, Ash et al. (2019) and61

Jung et al. (2025) both use guide the selection by requiring diverse gradients. Unlike data selection62

though, distillation is a more controllable process as one can trade off the data quality and diversity63

of a given teacher by changing the generation temperature.64

2 Problem setup and the proposed metric65

We consider the setting where the student distills from the teacher by autoregressively training on66

the teacher’s generated texts. Contrasting to logit-based disillation, this enables distillation across67

architectures with various tokenizer choices. We denote the space of all possible prompts as X68

and responses as Y . The set of training prompts is denoted Xtrain ⊆ X , with n := |Xtrain|. For an69

1We consider generations following standard next-token distributions, as opposed to antidistillation sam-
pling (Savani et al., 2025).
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input x ∈ X , the teacher π* autoregressively generates responses from Y according to a distribution70

Pπ*
(x; τ), where τ represents temperature used in softmax.71

The student π is trained with standard auto-regressive loss LCE on concatenations of prompts and72

teacher responses. We will use LCE(x,y;π) to denote the auto-regressive loss of the response y with73

the prompt x, and ∇LCE(x,y;π) to denote the gradient with respect to the student’s parameters.74

We sample k generations from each prompt, and train the student with a total of n× k sequences.75

The pre-trained and fine-tuned students are denoted by πpt and πft, respectively.76

We measure a model’s performance by the expected reward score J :77

J(π;X ) = Ex∈XEy∼Pπ(x;τ=1)r(x,y),

where r is a reward function that takes a prompt-response pair and returns a score between [0, 1].78

Primary goal Given a student model, we aim to select a teacher model from a pool of N teachers79

{π*
i }Ni=1 so that the student’s post-distillation performance is maximized. One naive strategy is to80

simply train the student with every teacher and return the best model. This would correctly select the81

best teacher by definition, but is computationally infeasible. We instead ask:82

Can we find metrics that can account for the performance of the student, using a83

small number of forward or backward passes of the teacher and the student?84

Desiderata: alignment and diversity The best teacher for distillation isn’t necessarily the best85

performing one (Mirzadeh et al., 2019; Razin et al., 2025). The intuition is that performance may86

not be reflective of the quality of the supervision, as there are other desiderata when considering the87

effect on optimization and generalization. The two main factors we consider are the teacher-student88

alignment and the teacher’s generation diversity: the former has been shown to be important in89

distillation (Mirzadeh et al., 2019; Harutyunyan et al., 2023; Busbridge et al., 2025; Panigrahi et al.,90

2025), and the latter has been proven effective for data selection and active learning (Ash et al., 2019;91

Jung et al., 2025; Wang & Gu, 2025).92

Before presenting our proposed metrics, we discuss several promising candidates. While the metrics93

may be defined using population quantities, in the experiments, we use empirical estimates computed94

on a subset of training set prompts ñ each with k generations. We denote this set as D.95

Alignment measure: One candidate is to simply measure the average loss of the student on the96

teacher’s generations, where a smaller loss means better alignment. However, we find that the97

pre-trained student (πpt)’s loss on a teacher’s generations do not correlate well with the performance98

of the distilled student (πft). What’s more, πft’s loss on teacher’s generations on the test set after99

training is not strongly correlated with performance either. This suggests that the loss is mismatched100

with the reward and is hence not a reliable metric.101

We instead use gradient norms to quantify the alignment between a pre-trained student and its teacher.102

Loosely following intuitions from convex analyses, a smaller gradient norm means smaller distance103

to a minimum, indicating better alignment. Mathematically, we measure104

G-Norm(D;πpt) := E(x,y)∼D ∥∇LCE(x,y;πpt)∥2 . (1)

Diversity measure: We use the definition of diversity in gradients from Jung et al. (2025). Given the105

training set D of prompt-generation sequences, let G ∈ Rñk×d denote the matrix that contains the pre-106

trained student’s gradients on D, which have been projected to be d-dimensional for computational107

efficiency (Park et al., 2023) and normalized. Define Σ = G⊤G. Then, the G-Vendi score (Jung108

et al., 2025) is defined as the entropy of spectrum of Σ:109

G-Vendi(D;πpt) := Entropy(λ(Σ)) = −
∑

λ∈λ(Σ)

λ log λ, (2)

where λ(Σ) denotes the eigenvalues of the gradient matrix Σ, with |λ(Σ)| = min{ñk, d}. We110

perform ablation study on the choice of the projected dimension d in Appendix C.1.111

The proposed metric: GradCV A good metric should jointly consider both alignment and112

diversity. Note that these two can be at odds. For instance, we find that when increasing the teacher’s113
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generation temperature τ , G-Norm increases, indicating decreasing alignment with the student, but114

G-Vendi increases, indicating an desirable increase in diversity. Thus, we want a metric to reflect the115

trade off of these two measures, with appropriately adjusted scales.116

We first adapt the gradient diversity measure. Recall that G-Vendi computes the entropy of the117

gradient covariance, which measures how spread out the gradients are. One can instead compute118

the spread by checking how well the eigenspaces computed from two random subsets are aligned.119

Specifically, let D1,D2 be a partition of D, we compute Σ1 using the projected and normalized120

gradients from D1, and compute projected but unnormalized gradients {g} from D2. We perform121

such random splits in a cross validation fashion, where we take the expectation over random draws of122

D1,D2.123

Formally, the GRADient-based Cross-Validation (GradCV) metric is given by:124

GradCV(D;πpt) := log
(
ED1,D2:D1∪D2=D

[
g⊤Σ̃−1

1 g
])

, (3)

where Σ̃1 =(1− λ)Σ1 + λ
Trace(Σ1)

d
I.

Here, λ is a smoothing hyperparameter. Since g is unnormalized, GradCV reflects the gradient norm.125

To see how GradCV captures diversity, note that if the gradients are not diverse and behave differently126

for each subset, then Σ1 and Eg∼D2
[gg⊤] can misalign (up to normalization), in which case the trace127

can blow up. Therefore, GradCV effectively combines both the diversity in gradient spectrum and128

the gradient norm. We also note that GradCV shares similarity to a form of leave-one-out conditional129

mutual information, a provably effective generalization measure (Rammal et al., 2022).130

3 Experiments131

We test out all metrics on two common math reasoning datasets, GSM8k (Cobbe et al., 2021) and132

MATH (Hendrycks et al., 2021). We compare the Pearson and Spearman correlations of between133

metrics and the student’s performance after distillation; the former captures the goodness of linear fit,134

and the latter captures the correctness of ranking.135

Experiment details The student model is taken to be Llama-1B-base or OLMo-1B-base on GSM8k,136

and Llama-3B-base on MATH. We compare 13 teachers on GSM8k: Llama-(3.2/3.3) 3/8/70B Instruct137

models, Qwen-2.5 1.5/3/7/14B Instruct models, Qwen-2.5 Math 1.5/7B Instruct models, Gemma-2138

2/9B Instruct models, and OLMo 7/13B Instruct models. We compare 9 teachers on MATH: Qwen-139

2.5 Math 1.5/7B Instruct models, Qwen-2.5 1.5/3/14/32B Instruct models, Llama-(3.2/3.3) 3/8/70B140

Instruct models. The teacher’s generation temperature is varied between 0.3 and 1.0.141

To compute GradCV, G-Norm, and G-Vendi, we use D as a randomly selected set of ñ = 512142

training prompts from the training dataset. For GradCV, we randomly divide D into a random 90-10143

split, where D1 and D2 contain 0.9ñ and 0.1ñ prompts respectively. The cross validation is computed144

based on 10 draws of D1,D2. We use random projection on gradients to dimension d = ñ.145

Each distillation run uses learning rate 2 10−5 and 4 epochs over the training set. We use the cosine146

learning rate schedule with 5% warmup, 0 weight decay, and batch size 64. We generate k = 16147

responses per question (prompt) from each teacher and fine-tune the student on all generations without148

filtering for correctness.149

In the rest of the section, we show that GradCV gives the best correlation in different settings.150

3.1 Warmup: measuring correlations at a single temperature of generation151

We first consider a constrained case where all teachers use the same generation temperature of 0.8,152

which is within the common range. Note that naive metrics such as teacher performance are not153

indicative of distillation performance. Specifically, we consider 1) the teacher performance on the test154

set and 2) the student’s loss on teacher generations; neither provides non-trivial correlation to student155

performance on GSM8k (Figure 7). Strikingly, this holds true even for the fine-tuned student’s loss156

on teacher generations, showing that loss-based measures are fundamentally unreliable indicators.157

2We searched over learning rates {3× 10−5, 10−5, 8× 10−6} and found 10−5 to be consistently the best.
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Figure 2: G-Norm and G-Vendi’s correlation with Llama-1B performance on GSM8k, based on 16
teacher generations per prompt at temperature 0.8. (Left to right) (a) G-Norm correlates well with
student performance but fails to identify the best teacher. (b) G-Vendi highlights a teacher closer to
the best-performing one, though its overall correlation with student performance is weaker.
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Figure 3: GradCV’s correlation with Llama-1B and OLMo-1B performance on GSM8k, based
on 16 teacher generations per prompt at temperature 0.8. Main takeaway: GradCV can achieve
80% and 84% pearson correlation with student performance after training, while also predicting
Qwen-3B-Instruct to be the optimal teachers for both the student models.

Alignment and diversity matter: Next, we consider the two desiderata discussed in Section 2.158

Figure 2 shows results for gradient norms as defined by Equation (1), which has improved correlation159

to the student’s performance but fails to predict the best teacher. On the other hand, G-Vendi can160

predict a teacher closer to the optimal teacher, but has worse correlation to the student performance.161

GradCV achieves a good trade-off: By balancing alignment and diversity, GradCV not only162

demonstrates strong correlation with the student’s performance, and also helps select the optimal163

teacher. As shown in Figure 3, GradCV achieves 80% and 84% Pearson correlation for Llama-1B164

and OLMo-1B, and correctly predicts Qwen-3B-Instruct as the optimal teachers for both students.165

The above observations also hold true for a Llama-3B student on MATH. Similar to GSM8k,166

the pre-trained student’s loss on teacher generations exhibits little correlation with the student’s167

final performance (Figure 10). While G-Vendi and G-Norm show reasonable correlation, GradCV168

outperforms both with above stronger predictive power, each achieving a correlation of approximately169

95% with the student’s performance.170

3.2 Jointly considering teacher and temperature choices171

Up to this point, our comparisons have used a fixed generation temperature across the teachers. As172

distillation performance can be sensitive to the temperature, a natural question is whether the metric173

can also account for the additional variation introduced by temperature changes. In this section, we174

extend to a broader setting where the temperature is varied between 0.3 and 1.0. We use the Llama-1B175

student for GSM8k and the Llama-3B student for MATH, and compute correlations using all teachers176

across different temperatures. We find that GradCV continues to show stronger correlation than177

G-Norm and G-Vendi (Figure 4, Figure 5).178

GradCV can identify close-to-optimal generation temperature: A useful metric should ideally179

inform the selection of key hyperparameters such as the generation temperature. To better understand180

how metrics capture temperature change, we zoom in to a pair of teachers, Qwen-2.5 3B Instruct and181
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Figure 4: Correlation between GradCV with Llama-1B performance on GSM8k, based on 16 teacher
generations per prompt at temperatures ∈ {0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}. GradCV can achieve
77% spearman correlation with student performance after training, while G-Norm and G-Vendi can
only achieve 41% and 37% respectively.
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Figure 5: Correlation between GradCV with Llama-3B performance on MATH, based on 16 teacher
generations per prompt at temperatures ∈ {0.4, 0.6, 0.8}. GradCV can achieve 90% spearman
correlation with student performance after training, improving over G-Norm and G-Vendi.

Qwen-2.5 1.5B Instruct, which exhibit strikingly opposite behaviors as τ increases. Figure 6 shows182

that as temperature increases, the student’s G-Norm on teacher generations increases, indicating183

decreased alignment, while G-Vendi also increases, reflecting higher diversity. As the two metrics184

provide conflicting signal, they do not give a clear preference on the temperature.185

In contrast, GradCV is able to separate the behaviors of the two models: its value decreases with186

τ for Qwen-2.5 3B Instruct and increases with τ for Qwen-2.5 1.5B Instruct, matching the actual187

trends in student performance. GradCV correctly pinpoints the optimal training temperatures for188

Llama-1B, which are 0.8 for Qwen-2.5 3B Instruct and 0.4 for Qwen-2.5 1.5B Instruct, demonstrating189

its usefulness as a predictive metric.190
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Figure 6: Comparing Llama-1B training with Qwen-2.5-1.5B-Instruct and Qwen-2.5-3B-Instruct
teachers for GSM8k across different temperatures of generation. While both G-Norm and G-Vendi
show increasing trends across temperature for both teachers, GradCV helps to distinguish between
the teachers by showing reverse trends, which also correlates with the student’s performance after
training.
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Robustness to teacher choices One should caution that it is always possible to fit a metric that191

maximize the correlation on a given set of teachers, which would not be meaningful. It is therefore192

important to test the robustness of the metrics. We do so by computing metric values repeatedly193

over random subsets of all teachers. As shown in Figure 13 and Figure 14, GradCV demonstrates194

consistently high correlations across random subsets. Details and additional baseline metrics are195

deferred to Appendix C.2.196

4 Discussion and Conclusion197

In conclusion, we have shown that the gradients of the student offer a reliable lens for identifying198

the teacher most effective for distillation. By disentangling two fundamental factors—alignment199

between teacher and student, and diversity in teacher generations—we demonstrated that gradient200

norm (G-Norm) captures alignment while gradient diversity (G-Vendi) captures diversity. Yet, relying201

on both separately complicates the prediction of student performance. To overcome this limitation, we202

introduced GradCV, a unified metric that integrates alignment and diversity into a single measure. Our203

experiments on GSM8k and MATH establish that GradCV not only enables principled comparison204

across teachers but also accurately predicts the optimal generation temperature for each teacher.205

These findings highlight GradCV as a practical and general-purpose tool for guiding teacher selection206

and generation strategies in student training.207

There are several promising directions for future work. First, the definition of GradCV bears a208

close connection to leave-one-out conditional mutual information, which has been shown to be a209

provably effective measure of generalization (Rammal et al., 2022). Formalizing this connection210

could yield deeper theoretical insights. Second, while GradCV provides a natural interpolation211

between G-Norm and G-Vendi, the role of the gradient dimensionality parameter in mediating this212

transition remains unclear. Developing a theoretical framework to characterize how this parameter213

governs the relationship between alignment and diversity would be an important step forward. Finally,214

GradCV currently does not lead to perfect Spearman correlations, suggesting that some variates are215

yet to be captured. Possible next steps include incorporating additional properties of the teacher and216

distribution-specific quantities.217
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Figure 7: Using teacher performance and student loss to predict Llama-1B performance on GSM8k,
based on 16 teacher generations per prompt at temperature 0.8. (Top to bottom, Left to right): For
different teachers, we compare (a,b): teachers’ test reward and the gap in train, test rewards at
τ = 0.8. (c,d): The student’s loss on teachers’ test prompt generations, before (πpt) and after (πft)
training. (e): Drop in student’s loss after training, (f) Gap in student’s and teacher’s loss after training.
Takeaway: Neither student loss on teacher generations nor teacher performance alone is a
reliable indicator of the student’s eventual performance after training.
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Figure 8: Comparison study between Llama teachers for GSM8k. While both G-Norm and G-Vendi
show increasing trends with temperature of generation for both the Llama teachers, GradCV can
differentiate different generation temperatures, and predict close-to-optimal generation temperature
for each teacher. On Llama-3.1-8B-Instruct, it predicts 0.8 as the optimal temperature, which also
corresponds to the optimal temperature in terms of student performance. On Llama-3.2-3B-Instruct,
it predicts 0.8 as the optimal temperature, while the optimal temperature in terms of the student
performance is 0.7.

A Additional results on GSM8K300

A.1 More basic metrics301

As mentioned in Section 3, naive metrics are not useful for identifying the best teachers. Figure 7302

shows that both the student loss on the teacher’s generations and the teacher’s performance.303

A.2 Student performance with generation temperature304

A good metric should be able to guide the selection of key hyperparameters, such as the generation305

temperature. Figure 8 and Figure 9 show that GradCV is indeed more informative to the temperature306

choice than G-Vendi and G-Norm.307
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Figure 9: Comparison study between Qwen-Math teachers for GSM8k. Here, GradCV shows a
decreasing trend across teachers for both Qwen-Math models, indicating that the performance of the
student increases as we increase the generation temperature.

B Additional results on MATH308

We repeat our experiments from Figure 2 and Figure 3 on the MATH dataset, where we train a309

Llama-3B model. We observe that GradCV achieves similar correlation performance to G-Norm,310

while achieving better correlation performance than both G-Vendi and test loss of the student.311
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Figure 10: We compare the correlations of the pre-trained student’s loss, G-Norm, and G-Vendi
with Llama-3B’s performance on MATH after training, using 16 teacher generations per prompt at
temperature 0.8. While both the student’s loss and G-Vendi fail to capture the relationship, G-Norm
achieves an almost perfect correlation.
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Figure 11: On Llama-3B’s training on MATH using 16 teacher generations per prompt at temperature
0.8, GradCV can match the correlation performance on G-Norm.

C Ablations312

C.1 Ablations on the parameters of GradCV313

In Figure 12, we show the behavior of GradCV with changing hyperparameters. We take Llama-314

1B training on GSM8k as a case-study. We vary number of prompts (n), number of generations315

per prompt (k), and the projection dimension of gradients (d) for computing the GradCV score316

and compare correlations to the student performance. We observe that (a) GradCV improves with317
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(a) When we vary gradient projec-
tion dimension d with n.

(b) When we vary number of gener-
ations k per prompt.

(c) When we vary number of
prompts

Figure 12: Varying hyperparameters for GradCV on Llama-1B training on GSM8k at generation
temperature 0.8. We use the base setup as n = 512, k = 16, and d = n. We vary one of them, while
fixing the others. Main takeaway: (a) GradCV improves with increasing gradient dimension, (b)
GradCV gives a good enough estimate with k = 4 generations per prompt, (c) GradCV generally
increases with number of prompts that we consider but might show a small dip as we increase further.

increasing gradient dimension, (b) GradCV gives a good enough estimate with k = 4 generations per318

prompt, (c) GradCV generally increases with number of prompts that we consider but might show a319

small dip as we increase further.320

C.2 Ablation on robustness of metrics321

We check the robustness of each metric by reporting the distributions of the metric values computed322

over random subsets of teachers. Specifically, we use 100 random draws of subsets consisting of 60%323

of teachers.324

We compare GradCV with the following metrics:325

1. Student Loss on the teacher’s generations;326

2. G-Norm (Equation (1));327

3. G-Vendi (Equation (2));328

4. Determinant × gradient norm, corresponding to BADGE (Ash et al., 2019), which captures329

both the diversity and magnitude of gradients;330

5. Gradient inner product, which is another way to capture gradient diversity: Given gradients331

from the training set D, we compute pairwise inner product between the normalized gradients332

of generations for the same prompt:333

ExE(x,y1),(x,y2)∼D

[
g1

∥g1∥2

]⊤
g2

∥g2∥2
,

where g1 = ∇LCE(x,y1;πpt),

g2 = ∇LCE(x,y2;πpt).

6. Gradient inner product with norm, which is similar to the above but additionally considering334

gradient magnitude: Here, we compute pairwise inner product between the gradients of335

generations from the same prompt.336

7. Average Probabilities (per token): this computes the average probability per token of the337

student on the teacher’s generations, averaged over all generations and all prompts.338

8. Best average probabilities per prompt: we compute the average probability per token for339

each generation, and take the highest average probability (i.e. the most probable) across all340

generations of the same prompt. We then take an average across all prompts.341

9. Correct average probabilities: Here, we simply compute the average probabilities of tokens342

in correct generations for each prompt and take the average across all prompts.343

10. Incorrect average probabilities: Same as above, but over incorrect generations.344

11. Different average probabilities per prompt: For each prompt, we compute the average per-345

token probabilities for correct and incorrect generations respectively, and take the difference346

of the two. We then average over all prompts.347
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Figure 13: Robustness of metrics on GSM8k: we report the distribution of metric values, computed
over 100 random subsets of teachers, each consisting of 60% of the full set of teacher-temperature
combinations. The proposed metric GradCV consistently shows strong correlations.

Figure 14: Robustness of metrics on MATH: following the same setup as Figure 13, GradCV shows
the strongest correlation with smallest variations across random subsets.

Among all candidate metrics, GradCV is the only one showing consistently strong correlations on348

both datasets.349

350
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