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Abstract

Automated scoring of written constructed responses typically
relies on separate models per task, straining computational
resources, storage, and maintenance in real-world education
settings. We propose UniMoE-Guided, a knowledge-distilled
multi-task Mixture-of-Experts (MoE) approach that transfers
expertise from multiple task-specific large models (teachers)
into a single compact, deployable model (student). The stu-
dent combines (i) a shared encoder for cross-task representa-
tions, (ii) a gated MoE block that balances shared and task-
specific processing, and (iii) lightweight task heads. Trained
with both ground-truth labels and teacher guidance, the stu-
dent matches strong task-specific models while being far
more efficient to train, store, and deploy. Beyond efficiency,
the MoE layer improves transfer and generalization: experts
develop reusable skills that boost cross-task performance and
enable rapid adaptation to new tasks with minimal additions
and tuning. On nine NGSS-aligned science-reasoning tasks
(seven for training/evaluation and two held out for adapta-
tion), UniMoE-Guided attains performance comparable to
per-task models while using ~6x less storage than maintain-
ing separate students, and 87 x less than the 20B-parameter
teacher. The method offers a practical path toward scalable,
reliable, and resource-efficient automated scoring for class-
room and large-scale assessment systems.

Code — https://github.com/LuyangFang/UniMoE

Introduction

Automated scoring systems have become indispensable in
modern educational assessment by enabling efficient evalu-
ation of students’ open-ended responses, particularly in sci-
ence and STEM domains (Page 1966; Dikli 2006; Mohar-
reri, Ha, and Nehm 2014, Jescovitch et al. 2021). As cur-
riculum frameworks like the Next Generation Science Stan-
dards (NGSS) promote complex performance tasks to assess
multidimensional understanding (Harris, Krajcik, and Pelle-
grino 2024), demand for reliable, scalable automated scoring
grows. Transformer-based deep learning models, including
large language models (LLMs), deliver strong accuracy for
automated essay scoring (AES) and short-answer grading
(ASAG), enhancing measurement fidelity and operational
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efficiency (Zhai, He, and Krajcik 2022; Lee et al. 2024; Latif
et al. 2024a). However, the dominant cost driver remains
the maintenance and deployment of numerous per-item or
per-task models. In classroom assessments, it is standard
practice to train models per task to ensure alignment with
item-specific rubrics and expert criteria. This proliferation
of models generates many artifacts requiring storage, mon-
itoring, and redeployment; the burden is especially severe
in classroom assessment systems and statewide or district-
scale testing programs where storage constraints and infer-
ence speed are critical (Liu et al. 2021; Zhai, He, and Krajcik
2022; Reidy et al. 2023).

Methods like parameter-efficient tuning (Han et al. 2024;
Mahmoud, Nabil, and Torki 2024) reduce the number of
trainable parameters and update size. For example, LoRA
often matches full fine-tuning without added inference la-
tency by inserting low-rank matrices while freezing the
backbone (Hu et al. 2021). However, these approaches still
require loading and serving the full base model at inference,
so memory footprint, cold-start time, and per-task model
variants remain the dominant cost drivers - especially when
many tasks must be supported concurrently (a common re-
ality for educational platforms). We therefore pose the cen-
tral question: for challenging cross-prompt trait-scoring sce-
narios, including those in AES/ASAG (Yadav and Team
2023; Katuka, Gain, and Yu 2024), can a single and com-
pact model support multiple scoring tasks without material
loss in performance?

To answer this question, we propose UNIMOE: a
knowledge-distilled multi-task method based on a Mixture-
of-Experts (MoE) architecture that trains a single compact
model for multiple tasks. A multi-task (Zhang and Yang
2018; Fang et al. 2025a) backbone learns representations
common to automated scoring, while lightweight task heads
produce rubric-specific predictions (e.g., holistic and trait
scores). Between them, a gated MoE module (Masoudnia
and Ebrahimpour 2014; Fedus, Dean, and Zoph 2022) routes
each example to experts with different weights, preserv-
ing item/trait idiosyncrasies and mitigating negative transfer
across heterogeneous tasks. Practically, UNIMOE consoli-
dates storage and serving into a single backbone, minimizes
per-task additions, and adapts to new tasks more reliably
than standard multi-task models. By providing specialized
capacity for rubric-specific patterns, the MoE layer reduces



inter-task interference and enhances transfer learning: new
tasks reuse shared representations while leveraging special-
ized experts, requiring only small task-specific components
without destabilizing prior tasks. The result is faster, lower-
cost adaptation at scale without sacrificing rubric fidelity.

In settings where high-capacity per-task reference mod-
els (‘teachers’) exist or can be trained offline, but deploy-
ment requires a single lightweight model, we extend UNI-
MOE to UNIMOE-GUIDED via knowledge distillation (Gou
et al. 2021; Fang et al. 2025b). The compact multi-task
model used at inference serves as the ‘student’. For each
task, the teacher provides soft guidance (e.g., probability
predictions), and the student minimizes a convex combina-
tion of the supervised loss and a distillation loss that aligns
its outputs with the teacher’s; the distillation term acts as a
regularizer. This transfers knowledge from the teachers into
the student, narrowing the gap to task-specialized models
while preserving a single low-latency model with substan-
tially lower storage and serving costs.

We evaluate UNIMOE-GUIDED on NGSS-aligned, multi-
label science-reasoning tasks from the PASTA corpus, us-
ing seven primary tasks for model comparison and held-
out tasks to probe generalization. Briefly, results show that
UNIMOE-GUIDED achieves comparable results to training
separate models, while being ~6x smaller than maintaining
separate models and 87 x smaller than the teacher model. It
also remains deployment-friendly, underscoring its practical
deployability. Additionally, the generalization tasks show
that UNIMOE-GUIDED achieves significantly better perfor-
mance than simple MTL, emphasizing its superior general-
ization capability in handling unseen tasks.

The proposed UNIMOE-GUIDED method supports
resource-efficient Al for educational automated scoring and
other cost-sensitive domains, contributing to advancements
in scalable, efficient model deployment. Our key contribu-
tions are summarized below:

 Single deployable multi-task scorer. A shared encoder
plus a task-aware MoE and lightweight heads balance
shared structure with rubric-specific specialization, miti-
gating negative transfer across diverse assessments.

Teacher-guided compression. Distillation from task-
specialized teachers into one compact student yields the
highest average reliability on our seven-task benchmark,
while reducing storage by ~6x versus maintaining sepa-
rate per-task students and by 87x versus the 20B teacher.

Robust extension to new tasks. Adding a new head
and lightly tuning a small portion of the MoE integrates
new assessments without retraining the backbone, out-
performing plain MTL and narrowing the gap to per-task
models on held-out tasks.

Related Work

Multi-Task Learning (MTL). MTL has long been explored
as a means to improve generalization by leveraging induc-
tive biases shared across related tasks (Caruana 1997). Tra-
ditional approaches rely on hard or soft parameter sharing
within a shared encoder, while more recent methods incor-
porate optimization-aware strategies, adaptive task weight-
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ing, and explicit modeling of inter-task relationships, partic-
ularly in the era of large foundation models (Yu et al. 2024).
In the context of educational assessment, jointly training
across rubric dimensions (multi-label) and prompts (multi-
task) can increase efficiency but risks negative transfer when
task distributions diverge. To mitigate this, modern MTL
designs often combine a shared backbone with lightweight
task-specific modules or routing mechanisms to preserve
both efficiency and task fidelity (Jacob et al. 2023; Auty
et al. 2024). This motivates our choice of a shared encoder
augmented with task-aware specialization capacity.
Mixture-of-Experts (MoE) Architectures. MoE models
address the limitations of fixed shared capacity in MTL by
increasing total model capacity while keeping per-example
computation low through conditional routing of tokens to a
small subset of experts (Shazeer et al. 2017). Large-scale de-
ployments such as GShard and Switch Transformers demon-
strated the scalability of gating paired with auxiliary load-
balancing losses (Fedus, Zoph, and Shazeer 2022). Subse-
quent advances, including expert-choice routing (Zhou et al.
2022) and state-of-the-art MoE implementations in Mix-
tral, DeepSeek-V2/V3, and Qwen-2.x (Jiang et al. 2024; Liu
et al. 2024a,b; Yang et al. 2024, 2025), highlight the poten-
tial of weighted activation to enable diverse specializations
without prohibitive costs.

Knowledge Distillation (KD). Even with efficient architec-
tures like MoE, deploying large models in educational set-
tings often requires further compression. KD offers a princi-
pled solution by transferring the behavior of high-capacity
teacher models into smaller, faster student models (Gou
et al. 2021; Fang et al. 2025b, 2024). The field has evolved
from early logit-matching to feature-based transfer, self-
distillation, and task-aware distillation strategies. For multi-
label scenarios such as rubric scoring, specialized KD meth-
ods mitigate label competition by distilling one-vs-rest prob-
abilities or label-wise embeddings (Yang et al. 2023), while
in multi-task contexts, cross-task KD improves stability and
transferability under distribution shifts (Jacob et al. 2023;
Auty et al. 2024). In educational assessment, recent stud-
ies have applied KD to fine-tune LLMs for scoring under
latency and fairness constraints (Latif et al. 2024b; Misgna
et al. 2024). Building on this foundation, our approach dis-
tills knowledge from multiple strong task-specific teachers
into a single multi-task MoE student.

Methodology

In this section, we describe the proposed UNIMOE-GUIDED
method, which constructs a single student model for auto-
mated scoring across multiple educational tasks. The result-
ing model consists of three components: a shared encoder
that captures general linguistic representations, a task-aware
Mixture-of-Experts (MoE) layer that activates a small set
of specialized experts for each response, and task-specific
heads that generate rubric-aligned predictions. To train the
student, UNIMOE-GUIDED combines authentic labels with
KD from high-capacity teacher models, allowing the student
to approach teacher-level accuracy while remaining compact
and practical for classroom deployment.
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Figure 1: Workflow of UNIMOE and its teacher-guided variant UNIMOE-GUIDED. Left and center: multiple tasks share a
single backbone; a MoE module with a learned gating network routes representations to a small subset of experts and aggregates
them by a weighted sum; the outputs feed lightweight task heads. In UNIMOE-GUIDED, teacher models provide soft targets
during training. Right: for a new task, the backbone and existing heads stay frozen, and only a new head and optionally a small
portion of the MoE are trained, enabling rapid, low-overhead adaptation.

MokE-Based Multi-Task Learning with Knowledge
Distillation

We model automated scoring of middle-school science ex-
planations as multi-label prediction across 7' NGSS-aligned
tasks. For a student response X; from task ¢ with binary
rubric indicators y; € {0,1}P* the model outputs logits
2(X;) € RP* and per-indicator probabilities

pe(Xp) = o(2(X3))
where o (+) denotes the element-wise sigmoid function.
Architecture. The proposed architecture, UNIMOE-
GUIDED, includes (i) a shared Transformer encoder, (ii)
a MoE block with task-aware routing, and (iii) compact
task-specific heads. The shared encoder fy(-) shares pa-
rameters across all tasks to provide a common linguistic
representation, enabling a single deployable checkpoint.
The MoE block combines multiple experts via a gating
network that produces varying weights per input, allowing
experts to specialize in rubric-specific language and rea-
soning patterns. Lastly, the task-specific heads are tailored
to each task, maintaining rubric fidelity and strong per-task
accuracy. The heads remain small, so adding a new rubric
increases storage only by a lightweight head rather than a
full model. We introduce the details of the three parts below.
Shared encoder. We use a pre-trained BERT-base model
(Devlin et al. 2019) as a shared text encoder, fine-tuned
on our tasks, that maps a student response X to contex-
tual representations H; = fo(X;), where H; € RE*4 with
sequence length L, and hidden size d. This task-agnostic
encoder captures linguistic patterns common across rubrics
and is reused for every task, reducing storage and simplify-
ing deployment.
MOoE with task-aware routing. We append a MoE block
after the encoder to enable dynamic routing of representa-
tions to specialized experts, improving task-specific adapta-
tion. The MoE block comprises M experts {E; }jj\il where
each expert is a two-layer feed-forward network with non-
linearity and dropout, applied token-wise to the contextual
representation H, resulting F;(H,;) € RE*4,
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A task-aware gating network produces mixture weights
over experts. We form the gate input by concatenat-
ing a pooled sequence summary hypoot = w(H;) €
R? with a learned task embedding e;, yielding m; =
[Mepoot ; €¢]. The gating network g(-) maps m; to logits G

(9e15--- ,gtM)—r € RM, which are converted to weights
ap = (ou1,. - ,ozm/[)—r by a softmax,
__ oxp(gry)
O{tJ == M—
Z]‘:1 exp(gt,;)

These weights are shared across tokens, yielding MoE-
enhanced representation Hy:

M
Hy =) o, Bj(Hy).
j=1

To discourage expert collapse and promote coverage, we
add a load-balancing penalty that encourages the average

gate weights to match the uniform distribution. For the re-
(
J
j for example b, and define a; = & 25:1 agb). The load-
balancing penalty is

) 2

LM
Lig = Mz;<5‘j
j:

This regularizer encourages broader expert utilization. The
mechanisms of expert structure, task-aware gating, and ex-
plicit balancing are essential for stable specialization across
heterogeneous rubrics.

Task-specific heads. For each task ¢ with D, rubric labels,
a small MLP head h;(-) maps the MoE-enhanced represen-
tation H to logits z; € RPt. Only heads are task-specific,
so adding a rubric requires instantiating a new head (and, if
desired, modest MoE tuning) rather than a new model.
Training objectives. The NGSS-aligned assessments are
multi-label: each label is binary, and multiple labels may

sponses of size B, let « % be the weight assigned to expert

1

M



be present simultaneously. We therefore optimize a binary
cross-entropy (BCE) objective:

Dy
»Ctask = E(t,Xt)(Z [ — Yt,c 10% J(zt,c)

(1) log(1— oz,

where y; € {0,1}7* are the ground-truth rubric indicators
for task ¢. In practice, we implement the expectation as an
average over tasks and samples. This loss directly models
the presence or absence of multiple skills or evidence types
in a single response.

Knowledge distillation. To reduce storage while preserv-
ing agreement with expert scoring, we integrate KD from
pre-trained teacher models. Given teacher logits z(teacher),
which are precomputed and loaded during training, and
a temperature 7 > 0, we define softened targets ¢7 =
o (2(teacher) /7) and softened student outputs p(™)
o (2¢/7), and minimize a distillation BCE:

Lxp = E x,) (BCE (p(T),qT) -7'2> .

KD transfers rubric-specific decision boundaries to the
student, stabilizes learning when some labels are sparse, and
enables efficient deployment without reintroducing teachers
at inference.

Overall training objective. We minimize the average per-
example objective across all tasks and samples, plus the
load-balancing penalty, and the distillation regularization:

L = Liax +MBLLB + AkDLKD,

where A\pg and Akp are weights controlling the contribution
of load-balancing penalty and distillation regularization.

Generalization

For a new assessment task, we extend the trained multi-task
MOoE model in two steps that preserve prior competence
while enabling fast adaptation. We append a lightweight,
task-specific prediction head for the new task. During adap-
tation, the shared backbone remains frozen to preserve lin-
guistic representations; we update only the MoE layers (ex-
perts and router) and the newly added head. Training uses
labeled data from the new task together with a small re-
hearsal subset from previously seen tasks to mitigate for-
getting. When teacher signals are available, we reuse the
same distillation objective defined in base training; other-
wise, we optimize the supervised task loss with the existing
load-balancing regularizer to prevent expert collapse. Only
a small fraction of parameters is updated, enabling rapid,
stable inclusion of new assessments while maintaining per-
formance on earlier tasks.

In summary, UNIMOE-GUIDED combines a shared en-
coder that provides transferable linguistic representations, a
task-aware, load-balanced MoE that delivers scalable spe-
cialization, and compact task heads that capture rubric dif-
ferences with minimal storage. KD then consolidates teacher
knowledge into a single deployable student, well-suited to
resource- and privacy-constrained classroom settings.
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Dataset | No. Labels | Training size | Testing size

Task 1 4 955 239
Task 2 4 666 167
Task 3 3 958 240
Task 4 10 956 240
Task 5 5 836 210
Task 6 6 653 164
Task 7 5 956 239
Task 8 5 956 240
Task 9 3 1111 278

Table 1: Statistics of the nine NGSS-aligned assessment
tasks from the PASTA corpus.

Dataset Details

We use pre-existing responses from U.S. middle-school
classrooms (grades 6-8) to nine NGSS-aligned assessment
tasks developed under the NGSA initiative (Harris, Kraj-
cik, and Pellegrino 2024; PASTA November, 2023). Each
response is scored across multiple rubric dimensions, with
each label treated as binary, indicating whether a given
dimension is satisfied. The tasks were designed to elicit
evidence of three-dimensional learning as defined by the
NGSS, integrating Disciplinary Core Ideas (DClIs), Cross-
cutting Concepts (CCCs), and Science and Engineering
Practices (SEPs). In particular, they align with MS-PS1-2,
where students analyze and interpret data on the proper-
ties of substances before and after interaction to determine
whether a chemical reaction has occurred (Council et al.
2013).

For each task, approximately 1,200 students’ responses
were randomly selected from a large pool of responses,
and after data cleaning, each task included slightly fewer
responses; exact per-task counts and train/test splits are
reported in Table 1 (Zhai, He, and Krajcik 2022). All
responses were anonymized, and no demographic vari-
ables were included. The sample reflects geographic diver-
sity across schools to be statistically representative of the
broader U.S. population.

The tasks draw on fundamental concepts of chemistry
within the physical sciences domain, specifically “Chemical
Reactions”. They require students to analyze data and distin-
guish substances by properties, capturing multi-dimensional
reasoning in real-world contexts. Automated rubric-based
scoring provides diagnostic information, highlighting areas
where students may need additional support and offering ed-
ucators actionable insights into student understanding.
Task Example. For instance, in Task 3, students were asked
to identify gases in an experiment by comparing their prop-
erties to those listed in a data table (see Fig. 2). Success-
fully completing this task required understanding the struc-
ture and properties of matter, knowledge of chemical reac-
tions, and the ability to plan investigations while recognizing
patterns in the data.

A structured scoring rubric was developed to encompass
five response dimensions aligned with the science learn-
ing framework: SEP+DCI, SEP+CCC-1, SEP+CCC-2, DCI-



Gas filled balloons (ID#: 034.02-c01)

Alice did an experiment that caused four balloons to fill with gas, as shown in the figure to the right. Alice
tested the flammability of each gas. She also measured the volume and mass of each gas to calculate the
density. The tests and measures all occurred under the same conditions. The datais in Table 1.

H*;

Table 1. Data of four gases in the balloons.

Sample Flammability Density

GasA Yes 0.089 g/L

GasB No 1422 g/t

Gas C No 1.981g/L

GasD Yes 0.089 g/L

Which, if any, of the gases listed in the data table could be the same?
Using information from the table, explain your answer.

Please type your answer here.

Figure 2: [llustrative Multi-label Task: Gas-Filled Balloons

ID \ Perspective \ Description

E1 | SEP+DCI Student states that Gas A and D could
be the same substance.

Student describes the pattern (compar-
ing data in different columns) in the
flammability data of Gas A and Gas D
as the same.

Student describes the pattern (compar-
ing data in different columns) in the
density data of Gas A and Gas D, which
is the same in the table.

Student indicates flammability is one
characteristic of identifying substances.
Student indicates that density is one
characteristic of identifying substances.

E2 | SEP+CCC-1

E3 | SEP+CCC-1

E4

DCI-2

E5 | DCI-2

Table 2: Scoring rubric for Task 3, Gas-filled balloons.

1, and DCI-2. The rubric was designed to capture multi-
dimensional cognitive processes (He et al. 2024). Table 2
outlines the specific criteria for each dimension. Students
were assessed simultaneously across these perspectives, re-
ceiving scores that reflected their understanding of DCls,
CCCs, and SEPs as defined by the rubric. To enhance the
validity of these multi-perspective rubrics, the research team
collaborated closely with experienced science educators.

Experiments

We evaluate on seven NGSS-aligned, multi-label scoring
tasks (Tasks 1-7), and reserve two additional tasks (Tasks
8-9) to test adaptation to new assessments (see Table 1 for
label counts and split sizes). Each task consists of short,
open-ended science responses with rubric-aligned binary in-
dicators (multi-label). We use the official train/test partitions
and carve a stratified validation split (10%) from training for
model selection. Unless noted, all experiments use BERT-
base-uncased as the backbone encoder.
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Baselines

* Individual (Per-Task). Separate BERT-base models
fine-tuned per task (upper-bound capacity).

* MTL (Shared Encoder + Heads). A single BERT-base
shared encoder with lightweight task-specific classifica-
tion heads; no MoE.

* UniMoE (Ours, no KD). The MTL backbone is aug-
mented with a gated Mixture-of-Experts (MoE) block
placed between the encoder and heads.

¢ UniMoE-Guided (Ours). UniMoE trained with KD
from task-specialized teachers.

Evaluation Metrics

» Educational Reliability. We follow educational scoring
practice and report: Cohen’s kappa score (McHugh 2012)
averaged over labels, Macro-F1, Micro-F1, and per-label
accuracy averaged over labels. We use a fixed decision
threshold of 0.5 across all labels.

Resource Efficiency. We report efficiency (parameter
count, disk size) and latency (per-sample inference time).

Generalization Ability. We evaluate the model’s perfor-
mance on held-out tasks (Tasks 8-9) using the educa-
tional reliability criterion introduced earlier.

Model Structure. Our architecture builds on BERT-base-
uncased as a shared encoder (109M, 91%). We employ two
MoE modules (9M, 7.3%), with each containing a config-
urable number of experts (3—5 tested), with each expert de-
signed as a two-layer feed-forward network. A gating mech-
anism with task-aware routing assigns inputs to experts,
and load balancing is encouraged through a regularization
penalty. Each task then uses a lightweight head, consisting
of a linear projection, ReLU activation, dropout, and a fi-
nal linear layer producing task-specific logits (2M, 1.7% for
all heads). KD integrates pre-computed teacher probabilities
using temperature-scaled binary cross-entropy.

Model Training. All methods share the same basic training
setup. We use AdamW (Ir = 2 x 1075, batch size=32, max
epochs=20) with linear learning rate warmup and decay, gra-
dient clipping, and early stopping (patience=3). Input text is
tokenized with the standard BERT tokenizer, truncated or
padded to a maximum length of 100 tokens. Labels are rep-
resented as multi-hot binary vectors, and teacher probabili-
ties are normalized for KD. Beyond this common setup, Uni-
MoE and UNIMOE-GUIDED require additional hyperpa-
rameter tuning because they integrate knowledge from mul-
tiple datasets and rely on weighting mechanisms. For Uni-
MoE, we search over the number of experts M ({3,4,5})
and load balance weight AL ({0.005,0.01,0.05}). For
KD-UniMoE, we additionally tune the KD weight Axp
({0.05,0.1,0.3,0.5}). Experiments are run on NVIDIA
Tesla V100 GPUs.

Teacher Models (20B). For each task, we fine-tune
the 20B-parameter openai/gpt—-oss—20b model using
parameter-efficient LoORA adapters (rank r = 32, a = 64),
which update about 1% of the model’s weights while keep-
ing the rest frozen. Training is performed on an NVIDIA



Metric | Method | Task1 Task2 Task3 Task4 Task5 Task6 Task7 Average
Individual 0.5164 0.5526 0.8638 0.7140 0.6863 0.6480 0.5740 0.6510
Cohen’s « 1 MTL 0.4277 0.5052 0.8891 0.5238 0.5782 0.4393 0.5281 0.5559
UniMoE (no KD) | 0.4457 0.5454 0.9091 0.6418 0.7340 0.6012 0.6063 0.6405
UniMoE-Guided | 0.5246 0.5691 0.8830 0.6499 0.7545 0.6288 0.5787 0.6555
Individual 0.5636 0.6725 0.9574 0.7952 0.7439 0.8007 0.6831 0.7444
Macro-F1 1 MTL 0.4832 0.6325 0.9662 0.6909 0.6441 0.6644 0.6415 0.6747
UniMoE (no KD) | 0.4857 0.6659 0.9727 0.7541 0.7952 0.7697 0.7027 0.7351
UniMoE-Guided | 0.5806 0.6958 0.9657 0.7603 0.8133 0.7939 0.6859 0.7565
Individual 0.8859 0.7725 09577 0.8746 0.7891 0.8551 0.7469 0.8290
Micro-F1 | MTL 0.8740 0.7860 0.9660 0.7813 0.7236 0.8096 0.7341 0.8107
UniMoE (no KD) | 0.8911 0.7443 0.9620 0.8360 0.8089 0.8422 0.7669 0.8359
UniMoE-Guided | 0.8727 0.7884 0.9649 0.8349 0.8214 0.8487 0.7490 0.8400
Individual 0.9383 0.8563 09431 0.9100 0.9038 0.8750 0.8452 0.8923
Per-Label MTL 0.9310 0.8533 0.9542 0.8379 0.8705 0.8303 0.8351 0.8732
Accuracy T | UniMoE (no KD) | 0.9425 0.8488 0.9525 0.8846 0.9095 0.8648 0.8611 0.8948
UniMoE-Guided | 0.9289 0.8578 0.9528 0.8825 0.9143 0.8699 0.8469 0.8933

Table 3: Results on Tasks 1-7 across four methods. Each column reports performance per task, with averages shown in the final
column. Metrics include Cohen’s x, Macro-F1, Micro-F1, and Per-Label Accuracy. Best results per task are bolded.

H100 GPU in mixed precision. The resulting teachers pro-
vide task-specific probability distributions, which are then
distilled into UNIMOE-GUIDED training.

Results

To provide insight that directly calling commercial LLM
APIs is insufficient for our educational setting, we evalu-
ate few-shot prompting of the 20B teacher model using the
question, analytic rubric, and a concise exemplar response.
As detailed in the Supplementary Materials, the resulting av-
erage Cohen’s k is only about 0.05, demonstrating that off-
the-shelf LLM prompting performs poorly on our tasks and
that fine-tuned, rubric-aware models remain essential.
Educational reliability. Table 3 summarizes the results
across all evaluation metrics and tasks. Several key trends
emerge. First, the naive UNIMOE consistently outperforms
the standard MTL baseline. For example, Cohen’s s im-
proves from 0.556 to 0.641, indicating that expert routing
effectively mitigates negative transfer and enhances rubric
fidelity. Similar gains are observed for Macro-F1 (0.675 vs.
0.735) and Micro-F1 (0.811 vs. 0.836), confirming that MoE
provides additional capacity without inflating computational
cost. Second, incorporating knowledge distillation (KD) fur-
ther improves model performance. The UNIMOE-GUIDED
variant achieves the highest average scores across «, Macro-
F1, and Micro-F1 metrics, while matching the naive UNI-
MOE in per-label accuracy. Notably, it even surpasses indi-
vidually fine-tuned per-task BERT models in some settings.
For example, UNIMOE-GUIDED attains an average x of
0.656, exceeding the individual models’ 0.651, and achieves
the best Macro-F1 of 0.757 compared to 0.744 from individ-
ual models. These results demonstrate that distilling knowl-
edge from large task-specific teachers into a single multi-
task MoE student not only closes the performance gap but
can also surpass individually trained models while offering
superior efficiency in storage and deployment.
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Figure 3: Expert usage patterns. Heatmap showing the pro-
portion of each expert’s usage for each task.

Figure 3 shows the expert usage distribution across tasks
in our UNIMOE-GUIDED model. The results indicate that
different tasks rely on experts with distinct preferences
rather than uniformly distributing attention. For example,
Task 2 heavily utilizes Expert 2 (34.5%), while Task 5
shows a strong reliance on Expert 5 (39.2%). Other tasks,
such as Task 1 and Task 6, exhibit a more balanced distri-
bution across multiple experts. This demonstrates that the
MOoE structure successfully enables task-specific specializa-
tion while still allowing shared experts to contribute across
tasks, thereby capturing both commonalities and differences
among diverse scoring rubrics.

Resources Efficiency. Table 4 reports the efficiency and in-
ference time of different model architectures. Our proposed
UNIMOE-GUIDED method achieves a compact size of 459
MB with 120M parameters, while maintaining an inference
latency of 14 ms per sample. Compared to training indi-
vidual BERT-based models for each task (772M parame-



Model Parameters Disk Size (MB) Relative Size Inference Time
UniMoE-Guided 120M 459 1.00x 14 ms/sample
Teacher (oss) 20B 40k (16-bit) 87.15x 43 ms/sample
Individual T12M 2945 6.42x 12 ms/sample
MTL 113M 426 0.93x 13 ms/sample

Table 4: Model size and inference latency. Relative size is normalized to UNIMOE-GUIDED. Latency is measured on a V100
GPU for all student models and on an H100 GPU for the teacher (not directly comparable).

ters, 2945 MB), UNIMOE-GUIDED reduces disk storage by
more than 6x. Similarly, relative to a simple MTL model
(113M parameters, 426 MB), UNIMOE-GUIDED shows
nearly identical latency (14 ms vs. 13 ms), demonstrating
that the additional MoE structure does not incur signifi-
cant runtime cost. In contrast, the large GPT-based teacher
model (20B parameters, 40 GB at FP16 on an H100 GPU)
requires 87 x more storage, highlighting the impracticality
of direct deployment in the classroom or large-scale educa-
tional settings. While the inference time is reported, we load
the model on an H100 due to its size, whereas student mod-
els run on a V100; therefore, the latency numbers are not
directly comparable. These results confirm that UNIMOE-
GUIDED strikes a favorable balance between efficiency and
inference speed, while retaining the benefits of knowledge
distilled from powerful teachers.

Generalization

We evaluate model generalization on two new tasks (Task 8
and Task 9), comparing against traditional MTL and individ-
ually trained models (gold standard). In MTL, a new head is
added with the backbone frozen. In UNIMOE-GUIDED, the
backbone remains frozen while both a new head and MoE
layers are fine-tuned, yielding ~7.5% trainable parameters.
Results, as shown in Table 5, demonstrate that UNIMOE-
GUIDED substantially outperforms MTL across all metrics

Metric | Method | Task8 Task 9
Individual 0.6724 0.6314

Cohen’s k 1T | MTL 0.2954 0.2221
UniMoE-Guided | 0.4680 0.4540

Individual 0.7696 0.7130

Macro-F1 1 | MTL 0.5868 0.2707
UniMoE-Guided | 0.6513 0.5592

Individual 0.8595 0.7196

Micro-F1 1 | MTL 0.7077 0.2736
UniMoE-Guided | 0.7543 0.5697

Per-Label Individual 0.8858 0.8729
Accuracy 1 MTL 0.7625 0.8153
y UniMoE-Guided | 0.8100 0.8297

Table 5: Generalization performance on held-out tasks (Task
8-9). Per-task models serve as an upper bound; MTL strug-
gles to adapt, while UNIMOE-GUIDED approaches per-task
performance with only 7.5% of parameters updated.
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and approaches the performance of individual models. For
example, in Task 9, Cohen’s x improves from 0.2221 (MTL)
to 0.4540, and Macro F1 from 0.2707 to 0.5592, more than
doubling generalization quality. Fine-tuning the MoE layers
induces slight decreases on old tasks (Cohen’s «: 0.6555 —
0.6279; Macro-F1: 0.7565 — 0.7322; Micro-F1: 0.8400 —
0.8258; Per-label acc: 0.8933 — 0.8870), yet performance
remains consistently higher than MTL. Overall, these results
underscore the method’s efficiency and robustness, show-
ing that UNIMOE-GUIDED achieves strong generalization
without suffering from the severe degradation typical of con-
ventional MTL.

Conclusion

We presented UNIMOE-GUIDED, a knowledge-distilled
multi-task Mixture-of-Experts scorer designed for resource-
constrained educational deployment. By pairing a shared en-
coder with weighted experts and small task heads - and dis-
tilling from task-specific teachers - the approach matches or
exceeds per-task baselines at a fraction of the cost. Evalu-
ated across seven NGSS-aligned science tasks, UNIMOE-
GUIDED achieves comparable or superior performance to
individually fine-tuned models (e.g., x: 0.656 vs. 0.651;
Macro-F1: 0.757 vs. 0.744), despite being ~6x smaller than
separate task-specific models and ~87x smaller than the
original 20B-parameter teacher model. This compact single-
checkpoint design ensures practical classroom deployment,
balancing speed, storage efficiency, and scoring accuracy.
A key advantage of UNIMOE-GUIDED is its extensibil-
ity. For new assessments, simply adding a task head and
lightly adapting the MoE (with the backbone frozen) yields
significant improvements over MTL baselines—narrowing
the gap to per-task specialization (e.g., held-out task per-
formance: Cohen’s x 0.454 vs. 0.222 for MTL; Macro-F1
0.559 vs. 0.271). While minor regressions occur on prior
tasks during adaptation, performance remains consistently
above MTL levels, enabling low-effort incorporation of new
rubrics without compromising existing capabilities.
Limitations and future work. We aim to (i) strengthen life-
long learning to further curb residual forgetting during task
additions, (ii) improve interpretability of expert specializa-
tion and explore rubric-aware routing, and (iii) enhance the
KD strategy to better distill knowledge from teachers. To-
gether, these directions aim to strengthen the reliability and
reach of automated scoring systems that must scale across
grades, standards, and classrooms while remaining efficient
and deployable.
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