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Abstract: Course recommendation on online learning platforms operates under two
constraints at once: a chronic coldstart regime that breaks collaborative filtering, and the high
cost of reliable preference labels. Existing remedies treat the course knowledge graph (KG)
as a symbolic object for graph neural networks or side information, discarding a rich signal:
the spatial topology of a KG—which concepts cluster, chain, or sit at hubs—is naturally a
visual object that modern vision encoders are built to read. We propose ALARM, a
multimodal active—learning framework pairing a frozen large language model (LLM) that
encodes course and learner text, a vision transformer (ViT) that “observes” the KG by reading
its rendered subgraph image, and a domain-specific acquisition function that selects which
labels to query. Fusion aligns ViT patch tokens with LLM hidden states in a shared retrieval
space, and only lightweight LoRA adapters and projectors update per active—learning round,
at roughly 0.08x the cost of full fine—tuning. On MOOCCube and a XuetangX subset,
ALARM matches fully supervised graph and LLM baselines using only 20% of labeled
interactions and improves cold—start HR@10 by 48.5% and 56.4% relative to LightGCN;
removing the visual pathway costs 12.8% relative on cold HR@10, the second-largest
ablation drop after the novelty term itself. Rendering a graph as an image and reading it with
a vision—language model is an established idea;our contribution brings this primitive into
course recommendation and derives from it a vision—grounded novelty signal that
drivesactive acquisition under an educational cold—start budget.
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1. Introduction

Online learning platforms such as Coursera, edX, and XuetangX now host tens of thousands
of courses and serve hundreds of millions of learners, making personalized course
recommendation a critical piece of infrastructure [1], [2]. Three challenges shape this work.

The cold-start problem persists despite a decade of progress. The continuous arrival of
new courses and new learners produces a chronic cold—start regime, where collaborative—
filtering signals are too sparse to support reliable ranking [4], [14]. On MOOCCube, fully
supervised Light- GCN’s HR@10 drops by more than half when restricted to learners with
three or fewer enrollments. This long tail is precisely where personalization matters most.

Labels are not free, and they are not equally informative. Even when aggregate
interaction logs are abundant, high— quality preference labels (completion, certification,
satisfac— tion) require learner effort or expert curation. Implicit signals such as dwell time
are noisy and popularity—biased. Yet most published recommenders are trained on fully
labeled splits, ignoring the data—economy question of which labels matter most.

The course knowledge graph is more than a symbol table—it has a visual structure.
Every online platform maintains some form of course concept graph: nodes are knowledge
points, edges are prerequisite or co—occurrence relations. Prior work consumes this graph
either symbolically, for graph neural networks [14], [25], or as a flat tag taxonomy.Yet when
one actually draws the subgraph around a course,structure that is hard to read off the
adjacency matrix becomes visually obvious—how concepts cluster into modules,and how far
the course sits from the learner’s frontier—and vision—language models such as CLIP [26],
[27] are built to read exactly this two—dimensional structure, much as rendered tables and
formulas are often better processed visually than parsed textually[28]. We bring this insight
into educational recommendation.

These three challenges point to a single design: a multi- modal vision—language
framework that treats course text and KG visualization as complementary modalities, fused
by an LLM-based retrieval module, and supervised under an active—learning budget.

We close the gap with ALARM (Active Learning—Augmented Retrieval Multimodal),
a framework organized around four observations specific to the educational setting.

(O1) Course semantics carry strong signal that an LLM can exploit directly. A syllabus,
learning objectives, and pre— requisite knowledge points constrain matching far more than
typical e-commerce or news item text. We use a frozen LLM as a textual encoder rather than
as a generator, sidestepping the latency and hallucination concerns of generative LLM
recommenders [8].

(02) A knowledge graph is a visual object, and vision encoders read it well. We render
each course’s local subgraph (the course plus its k—hop neighbourhood in the concept graph)
as an image, encode it with a frozen ViT [26], [27], and align the patch tokens with LLM
hidden states in a shared retrieval space. As we show in Section IV-D, removing this visual
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pathway costs 12.8% relative on cold HR@10—the second- largest drop in our ablation.
Reading a rendered graph with a vision encoder is a technique that has been established in
general graph reasoning [30]-[33]; what is new here is applying it to a course knowledge
graph inside a recommender and turning the resulting visual embedding into an acquisition
signal (O3).

(O3) Uncertainty in educational recommendation is multi—source. A learner—course pair
may be uncertain because the model is poorly calibrated (epistemic), because the score lies
near the decision boundary, or because the candidate course explores a region of the
knowledge graph the learner has not yet visited. The third is education—specific. ALARM
packages these three signals into a single acquisition score that drives the active loop.

(O4) Multi-round multimodal active learning requires parameter—efficient updates.
Retraining a ViT+LLM stack per active—learning round is prohibitive. Following recent work
on LoRA-based adaptation [9], [19], we freeze both encoders, attach low-rank adapters to
the top transformer blocks of each, and let only the adapters and the fusion projectors absorb
each round’s new labels. Per—round wall—clock cost drops to roughly 8% of the cost of full
fine—tuning, making the full active—learning curve tractable on a single GPU.

Contributions:

e Building on the established idea of reading a rendered graph with a vision—language
model [30]-[33], we bring vision—observed knowledge graphs into
recommendation:we render each course’s local KG as an image, read it with a ViT
encoder, and formalize how the resulting visual representation is fused with text—
based LLM embeddings for retrieval. To our knowledge this is the first use of visual
graph reading for course recommendation.

e We propose ALARM, the first multimodal vision— language framework to couple
text-LLM and KG-vision encoders with active learning for cold-start course
recommendation, all under a LoORA—only update schedule that makes multi—round
operation practical at this scale.

e We introduce a cognitive uncertainty acquisition function with three terms—Monte
Carlo predictive variance, decision—boundary entropy, and a vision—grounded KG—
novelty term—and analyse each component’s contribution.

e We empirically show on MOOCCube and a XuetangX subset that ALARM with
20% of labels matches or exceeds fully supervised LightGCN, SASRec,
KGAT, TALLRec, and LLMRec baselines, with the largest gains on cold-start
learners (cold HR@10 +48.5% on MOOC- Cube, +56.4% on XuetangX). We report
ablations iso— lating the vision pathway, a backbone study spanning vision and
language encoders, and a knowledge—graph robustness analysis.
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2. Related Work
2.1. Recommendation in MOOCs

Early MOOC recommenders relied on matrix factoriza—tion [11], [24] and content—based
filtering. The introduction of neural collaborative filtering [12] broadened the design space
to deep nonlinear interactions, and the graph—based line that followed [13], [14] currently
dominates published benchmarks on MOOCCube. Sequential models based on self-attention
[15], [16] additionally capture short—term in— tent. Other branches inject knowledge—graph
structure [25] or employ hierarchical reinforcement learning [2]. All of these methods assume
relatively dense interaction data and degrade sharply for new learners; none jointly addresses
label cost.

2.2. LLMs for recommendation and cold - start

The cold-start problem has been attacked from many angles: content—-aware embeddings
[17], contrastive learning [18], and prompt-based generation. LLMs are used in
recommendation either as encoders (treating ranking as semantic retrieval) or as generators
(next—item prediction over text) [3], [19]. For cold-start specifically, recent approaches
include LLM-based data augmentation [4]. In education, Ma et al. [20] benchmark LLM—
based course recommenders and report that zero—shot LLMs underperform tuned graph
baselines on warm users but close the gap on cold ones—a finding our experiments reproduce
in Section IV-B. Knowledge-tracing—enhanced LLM path recommenders [8] address
hallucination but not data efficiency. ALARM differs from all of these in that it does not treat
the LLM as the predictor; the LLM provides frozen semantic features that an active learner
exploits, sidestepping the inference cost and hallucination risk of generative LLM
recommenders.

2.3. Parameter—efficient fine—tuning

Tuning every parameter of an LLM per active—learning round is impractical. Parameter—
efficient fine—tuning methods such as adapter layers [10] and LoRA [9] update only a small
fraction of weights, with LORA in particular preserving full inference latency. PEFT has been
applied to LLM-based recommenders [19] and to general NLP active learning [7]. ALARM
combines these threads: we freeze a 6B—parameter LLM, attach LoRA adapters to only a few
top layers of each tower, and let each round update at most 12.4M parameters.

2.4.Vision -language models and visual reading of structured data

Vision transformers (ViTs) [26] and contrastive vision— language models such as CLIP [27]
have unified image and text representations into a shared retrieval space, enabling zero—shot
transfer across modalities. A growing literature shows that structured content—tables,
diagrams, formulas, document layouts—is often read more accurately by a visual encoder
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operating on the rendered page than by an OCR—then—parse pipeline [28]; Rendering a graph
as an image and reading it with a vision—language model is itself an established technique,
and we position our work against it explicitly. GITA [30] renders graph structures into
images, reads them with a vision—language model, and adapts with LoRA adapters while
keeping the vision encoder frozen—a pipeline very close in spirit to the visual pathway we
use. Graph-to-Vision [31] extends visual graph reasoning to the multi—graph setting;
LLaVA-SG [32] injects scene—graph structure into a vision—language model as a visual
semantic expression; and the VGCURE benchmark[33] systematically evaluates how well
large vision—language models understand and reason over rendered graphs.Against this body
of work, our claim is deliberately narrow.We do not claim to invent visual graph reading.
Our contributions are (i) the first application of visual graph reading to course
recommendation, where the rendered object is a course concept subgraph rather than a
generic reasoning graph, and (ii) a vision—grounded novelty term that turns the ViT—space
distance between a learner—side and a courseside rendering into an exploration signal inside
an activelearning acquisition function—a use of the visual embedding that, to our knowledge,
is not present in the graph-reasoning literature above, which uses visual graphs only for
question answering. We quantify the resulting advantage over graph neural networks on the
same adjacency, and its sensitivity to layout, in Section IV-E.

2.5. Active learning for recommendation and LLMs

Active learning has a long history [5], with strategies including uncertainty sampling, query—
by—committee, expected model change, and diversity—driven selection [22], [23].
Bayesian deep active learning with Monte Carlo dropout [21] provides a principled estimate
of epistemic uncertainty and underpins much subsequent work; BALD [22] extends this to
mutual-information—based selection. A growing literature now considers LLMs in the
active—learning loop [7], both as acquisition oracles and as the model being trained. The work
closest to ours is [6], which uses active selection to distil LLM knowledge into a small
session - based recommender. We instead keep the LLM in the loop as a frozen encoder,
target educational cold-start, and introduce a domain-specific knowledge—graph novelty
term that, as Section IV-D shows, drives most of the gain.

3. Methods
3.1. Problem setup

Let U = {uy, ..., uy} be the set of learners and C = {cj, ..., c)} the set of courses. Each
course ¢ has a textual description T, (title, abstract, syllabus), a set of knowledge—point tags
K. € K drawn from a course knowledge graph G = (¥, £) , and—key to this work—a visual
rendering I, € R3*224%224 of the local concept subgraph G. S G centred on Kc (Section
[11 - C). Each learner u has an interaction historyH,, = {(c, 1,7,1), ... } Where r is a binary
completion signal,an optional textual trace Lu (forum posts, notes), and a learner—side
visualization lu of the union of subgraphs touched by Hu. The label budget is B «< |U]| X

5



Proc. Comput. Sci. Article

|C|].The goal isU = {u,, ..., uy} to learn a scoring function f, (u, ¢) € R that fuses text and
vision modalities, such that the top—K ranking on the test set maximizes HR@K and
NDCG@K, with special attention to cold-start learners |H, | < 3.

Figure 1 gives an overview of the framework.
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Figure 1. Overview of ALARM.
3.2. Dual-Tower LLM Encoder

We build two parallel towers sharing a frozen LLM backbone (ChatGLM-6B by default;
alternatives in Section IV-E).

a) Course tower: For each ¢, we form a templated prompt “Course title: {title}.
Syllabus: {syllabus}. Knowledge points: {tags}.” We take the final-layer hidden state at the
last token as hi™M e R9tim and pass it through a 2-layer projector g, with GELU and
dropout:

z. = go(he"™) eRY,  d =256 (1)

b) Learner tower: For each u, we assemble a token sequence from the embeddings of
the k = 10 most
recent enrolled courses and the projected LLM encoding of the learner’s textual trace,

w = [Zeyar o 2oy 99 (1)) @

pass S, through a single Transformer encoder block TF(9,mean—pool the resulting
tokens, and project to the shared d - dimensional space with a 2-layer projector hy;:

z, = hy (MeanPool(TF(S,))) € R% 3)
The relevance score is cosine similarity with a learnable temperature 7 :
Z Z
_ utc 4
Jo(:©) = o i @

The trainable parameters are 6 = (¢p,y,7) plus a small set of LoRA adapters

AMLE (rank r = 8) inserted into the query and value matrices of the top three transformer

blocks of each tower [9]. The LLM weights themselves are never updated.
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3.3. Vision—Observed Knowledge Graph

This subsection describes the multimodal innovation of ALARM: treating the course
knowledge graph as a visual input.

a) Rendering: For each course ¢ we extract the k—hoofourhood G. of Kc in G(k = 2by
default, capped at 80 nodes for visual legibility). Node positions are computed by a
deterministic spring layout [34] seeded by a global hash of the course identifier, ensuring
that the same subgraph is always rendered to the same image. Nodes are coloured by
category, edges by relation type, and the central concepts (Kc) are circled. The result is a
fixed 224 x 224 RGB image I, regardless of |G.|.For each learner u we render an analogous
image I,, of the union Ucrey, G ;for cold-start learners with |H, | < 3 .

b) Visual encoding: We pass Ic and Iy through a frozen CLIP ViT-L/14 image encoder
[27], taking the sequence of P = 257 patch tokens (including the [CLS]). A lightweight LORA
adapter AY'T , (rank r = 8) on the top three ViT blocks adapts the encoder to the domain. Two
projectors gg and hl‘l’, map the visual tokens to the same d—dimensional retrieval space as the
LLM towers:

Ve = g (ViTaUcus))s  Va = hy (ViTa(L)cLs)) (5)

c) Vision-language fusion: The course-side and learner-side and learner-side
embeddings are formed by fusing the textual (LLM) view a with the visual (ViT) view b
through a per—dimension gate.Given the two views, we compute a gate vector g € [0,1]% and
the fused output as

g = o(W|y[a;b]) (6)
Fuse(a,b) =g ®© (W,a) + (1 —g) © (W,b) @)

Where [-;-] is concatenation,e is the element-wise product, o is the logistic function,
and W, € R*?4, W,, W, € R**¢ are learned. The gate decides, per dimension, how much
to trust the visual vs. the textual modality. We apply it to each side,

€. = Fuse([zc;vc]): €, = Fuse([zu; Vu]) (8)
and the fused embeddings replace zc, zy in Eq. (4); the cosine score becomes
ele;
Jo(:©) = S ieat ©

The total trainable parameter count is now |8 U ALLM, U AYIT | U Opyse] = 18.7M vs. a
frozen backbone of 6.2B (LLM) + 0.30B (ViT-L/14). The vision pathway thus adds ~6.3M
trainable parameters and roughly 40ms of additional per—sample encoding latency on an
A100. As Section IV-D shows, this small addition lifts cold HR@10 by 14.7% relative.

3.4. Cognitive Uncertainty Acquisition with Vision - Grounded Novelty

Given the current model f, and an unlabeled candidate pool ? < U x C,ALARM computes
an acquisition score for each (u, c) € P:
Uuc)=a-V(u,c)+p-H(u,c)+y-N(uc), (10)
with @ + B + y = 1.Each term captures a distinct source of uncertainty.
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a) Predictive variance V (u, ¢): We perform T = 20stochastic forward passes with
dropout enabled in the projector and Transformer blocks, yielding samples f@, ..., f™
Following [21],

V(u,c) =Varo(f®w, 0))] (11)

approximates epistemic uncertainty.
b) Predictive entropy H(u, ¢): The decision-boundary uncertainty is the entropy of the
mean prediction:

H(u,c) = —plogp — (1 —p) log(1 - p), (12)

where p = %Zt o (fO,0).

¢) Vision—grounded KG novelty N(u,c): The first two terms can be computed by any
deep classifier. The third is education—specific and is where the visual modality enters the
acquisition function. Let K, = Ucrey, K+ be the set of knowledge points already

encountered by the learner. We define

N(@,c) = (1- Ovellap(K,, K.))+ A- Reach(K,,K,)

(13)
+u- Dvis (Iu: Ic)’

where the first two (symbolic) terms come from the concept graph and the third (visual)
term enters through the ViT-aligned space.Overlap (K, K.) = |K, N K.|/|K.| measures
content already covered, Reach(Ku,Kc) is the normalised fraction of K¢ within two hops of
Ky in G, and Duis(ly, Ic) =1 — cos(¥,, ¥.) measures the cosine distance between learner—side
and course - side KG renderings.

Avoiding circularity. Computing Dyis from the same LoRAadapted embeddings vu,Vc
that the scorer f, uses would make the acquisition signal partly a restatement of the model’s
own score. We therefore use 7, .., the frozen CLIP [CLS] features of 1y, Ic computed before
any LoRA update, which do not depend on 6 and carry information the scorer has not yet
used. The term is not redundant with the score:across the active pool the Spearman
correlation between Dyisand —f5(u, ¢) isonly 0.11 & 0.03, and the circular variant (adapted
v) changes cold HR@10 by <0.2 pp while raising that correlation to 0.63 (Section IV-D).
The symbolic terms reward exploration and bound reachability;the visual term captures
shape - level divergence—a course that lives in a topologically distinct cluster from the
earner’s history is visually far from Iy, even when its raw concept overlap is small. We set
A = 0.5, u = 0.3 throughout. Hyperparameters (a, 3, y) are tuned once on a validation split
and held fixed at (0.3, 0.3, 0.4) unless stated otherwise.

3.5. Iterative training loop

ALARM’s overall procedure is in Algorithm 1 shown in figure 2. The crucial design choice
is that step 8 updates only the LoRA adapters on both encoders (LLM and ViT), the visual
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and textual projectors, and the fusion gate—never the backbone LLM or VIiT weights
themselves. In practice each round takes ~1.5hours on a single A100 40GB on MOOCCube,
vs. ~17 hours if both encoders were tuned end-to—end.

Algorithm 1 ALARM training loop (multimodal)
Require: Unlabelled pool P, initial seed set Sy, budget B,
round size b, KG G
1: Render KG images {I.}.cc once; cache ViT features
2: Initialize 6 = (¢, ¥, ¢V, VY, Opuse, 7), AHM = AV, =0;

train on Sy
38«8
4: while |S| < B do
5: Render learner-side images {I, } for u touched in P\ S
6: Compute U(u,c) via Eq. (10) for all (u,c) € P\ S
7: Q + top-b samples by U
8: Query labels (oracle or platform log) |f0r Q
9: S+SuQ
10 Update (6,AF5M  ANME.) on S for E epochs; both

backbones frozen
11: end whilereturn f;

Figure 2. Algorithm of ALARM’s overall procedure.
4. Experiments
4.1. Datasets and protocol

We evaluate on two public benchmarks.

* MOOCCube [1]: a large-scale MOOC repository from XuetangX. The full release
contains 706 courses, about 199,199 users, and more than 100,000 concepts. We use a filtered
subset and state the filtering rules explicitly,because the filter interacts directly with the cold—
start population being studied. We (i) keep the 706 courses as the candidate set; (ii) retain
only users with at least one completion—labelled enrollment among these courses; and (iii)
drop users whose textual trace and knowledge—point tags are both empty (so that every
learner has at least one usable modality). This yields 55,203 learners and approximately
458,453 enrollments. Knowledge—point annotations come from the released MOOCCube
concept graph. Note that the candidate set is only 706 courses; HR@10 should be read against
this pool size, not against a catalogue of tens of thousands of items.

» XuetangX—Subset: a smaller public subset released alongside [2], with 9,986 learners
and 1,302 courses. We use it primarily for generalization.

Because the two references above [2], [14] do not in fact define a single shared
MOOCCube split, we do not describe our split as a “standard” one. Instead we construct and
release our own reproducible split (below). For each dataset we sort each learner’s
interactions chronologically and hold out the most recent 10% as test and the preceding 10%
as validation, with the remainder for training. Cold-start learners are those with |Hy| < 3 in
the training partition (17.4% of test learners on MOOCCube, 22.1% on XuetangX).

a) Metrics: HR@10 and NDCG@10, plus cold-start variants restricted to cold learners.
For ranking we use one positive per test interaction against 99 negatives sampled uniformly
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from courses the learner has not enrolled in, resampled per seed. We report mean =+ standard
deviation over 5 random seeds, and assess the significance of ALARM over the strongest
baseline with a two—sided paired t—test at the learner level (with a Wilcoxon signed—rank test
as a non - parametric check).

b) Baselines: We compare against twelve methods span— ning six categories. Classical
CF: BPR - MF [24], NeuMF [12]. Classical CF: BPR - MF [24], NeuMF [12]. b)Graph CF:
NGCF [13], LightGCN [14], KGAT [25]. Sequential: SASRec [15], BERT4Rec [16]. Cold—
start spe— cific: DropoutNet [17], CLCRec [18]. LLM - based: a zero— shot ChatGLM ranker
following [20], TALLRec [19], and LLMRec [3]. We additionally include four active -
learning ablations of ALARM that replace the acquisition function while keeping the encoder
fixed: random (ALARM-Rand), entropy only (ALARM-H), coreset [23] (ALARM—Core),
and BALD [22] (ALARM-BALD), the latter being the canonical Bayesian deep AL baseline.

¢) Implementation: ChatGLM-6B with FP16 weights as the language encoder, frozen.
CLIP ViT-L/14 [27] as the vision encoder, frozen. KG subgraph images are rendered offline
with NetworkX and a deterministic Fruchterman—Reingold spring layout [34],each 224 X
224 RGB (rendering details in Section I1I-C). Projectors are 2-layer MLPs (hidden
512,GELU, dropout 0.2). LoRA rank 8, applied to query and value matricgs in the top 3
transformer layers of each LLM tower and the top 3 ViT blocks. The fusion gate is a single
linear layer over R?¢ — R%.. AdamW with learning rate 1 x 10~* batch size 256, 5 epochs
per active - learning round. Active learning starts with a 5% seed set and adds 5% per round
until the budget. All experiments use a single NVIDIA A100 40GB GPU.

d) Reproducibility: We will release the code, the processed data splits, and the KG—
rendering scripts upon acceptance.The acquisition weights (a, 8, y) and the novelty weights
(A, ) were selected by a grid search on the validation split of MOOCCube only (a, B,y over
a simplex grid of step 0.1;A, u€{0.1, 0.3, 0.5, 0.7}), then frozen and reused unchanged on
XuetangX; LoRA rank was searched in {4, 8, 16} and the projector width in {256, 512}. All
baselines were tuned on the same validation split with the grids reported in each original
paper (learning rate, embedding size, number of layers, and regularization), selecting the
configuration with the best validation NDCG@10; the exact grids and selected values are
provided with the released code. Seeds {0,1,2,3,4} control data splitting, negative sampling,
and parameter initialization jointly.

4.2. Main results

Table 1 compares ALARM at a 20% label budget against fully supervised baselines. ALARM
reaches parity on overall HR@10/NDCG@10 and shows large absolute margins on cold-
start metrics.

ALARM’s gain over LightGCN on overall HR@10 is moderate (+8.9% relative on
MOOCCube), but the cold - start HR@10 gain is large (0.241—0.358, +48.5% relative); the
same pattern repeats on XuetangX (cold HR@10:0.218— 0.341, +56.4% relative).
Comparing against the two cold - start specialists is more informative than against generic
CF: ALARM beats DropoutNet [17] on cold HR@10 by +26.5% relative on MOOCCube
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and CLCRec [18] —a recent contrastive cold-start method-by +17.8% relative, while
matching or exceeding the warm-user performance of the strongest LLM baselines
(TALLRec, LLMRec). The zeroshot ChatGLM baseline confirms a known finding [20]—an
unfine - tuned LLM trails graph methods on warm users but leads on cold ones—supporting
its use as a frozen encoder.Because the per - learner cold—start test set is small and noisy,we
rely on significance rather than point estimates: ALARM’s gain over the strongest baseline
is significant at p < 0.01 in every column (paired t-—test, confirmed by Wilcoxon), with the
Caption’s standard deviations (<0.014 on cold metrics) well below the observed margins
(e.9.0.358 vs. CLCRec’s 0.304). Among the active—learning ablations, the gap between
ALARM - BALD [22] and full ALARM (0.498 vs. 0.548 on overall HR@10; 0.268 vs.
0.358 on cold HR@10) isolates the joint contribution of the vision—grounded novelty term
and the multi - modal encoder: Bayesian uncertainty alone, applied to a text—only retriever,
is not enough; the visual reading of the knowledge graph plus the education—specific signal
together close the cold - start gap. Section 1\V-D decomposes this further.

Table 1. Main results on mooccube and xuetangx—subset.

MOOCCube XuetangX-Subset
Method HR@10 NDCG@10 C-HR C-NDCG HR@10 NDCG@10 C-HR C-NDCG
Classical CF

BPR-MF [24] 0.412 0.218 0.183 0.094 0.387 0.201 0.156 0.081

NeuMF [12] 0.438 0.232 0.192 0.097 0.408 0.215 0.171 0.087
Graph CF

NGCF [13] 0.482 0.261 0.227 0.111 0451 0.244 0.205 0.101

LightGCN [14] 0.503 0.272 0.241 0.118 0471 0.256 0.218 0.107

KGAT [25] 0.521 0.284 0.262 0.131 0.486 0.263 0.234 0.116

Sequential
SASRec [15] 0.487 0.265 0.197 0.099 0.453 0.241 0.184 0.092
BERT4Rec [16] 0.479 0.258 0.193 0.097 0.446 0.237 0.181 0.090
Cold-start specific
DropoutNet [17] 0.456 0.246 0.283 0.137 0421 0.226 0.262 0.128
CLCRec [18] 0.498 0.269 0.304 0.151 0.464 0.249 0.281 0.139
LLM-based

ChatGLM zero-shot [20] 0.358 0.184 0.291 0.142 0.331 0.171 0.276 0.137

LLMRec [3] 0.512 0.278 0.297 0.148 0.479 0.259 0.278 0.138

TALLRec [19] 0.529 0.289 0.276 0.139  0.498 0.271 0.259 0.128

Active—learning ablations of ALARM (20% labels)

ALARM-Rand 0.461 0.247 0.234 0.114 0.428 0.231 0.213 0.104

ALARM-H 0.494 0.268 0.262 0.131 0461 0.249 0.241 0.118

ALARM-BALD [22] 0.498 0.270 0.268 0.133  0.464 0.251 0.247 0.121

ALARM-Core [23] 0.508 0.276 0.273 0.137 0474 0.257 0.249 0.123

ALARM (ours,20%0) 0.548 0.305 0.358 0.189  0.516 0.282 0.341 0.178

4.3. Label—efficiency curve

Figure 3 shows HR@10 on MOOCCube as a function of label budget for ALARM and three
reference methods retrained retrained on the same fraction of labels. Multimodal ALARM
matches LightGCN’s fully supervised HR@10 of 0.503 with about 20% of labels, and
matches TALLRec’s with about 35%. ALARM-Rand requires roughly 1.6>more labels to
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reach the same performance as full ALARM, quantifying the benefit of cognitive—uncertainty
selection, with a text—only ablation falling between the two.

0.60 S
s ALARM @ 20% matches
LightGCN @ 100%
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A 0. 50 o e I Al ] e Py @
3 P o—/
O A =
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8 7 : ,./
” o
= 0.40 / :
= o’ -
S A :
S 0.35 " .
® 7 : Method
X 0.30 - :
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Label budget (% of training interactions)

Figure 3. Label—efficiency curves on MOOCCube.
4.4. Ablation: vision pathway and acquisition terms

Table 2 ablates the vision pathway and each term of Eq. (10) on MOOCCube at a 20% budget.
Two findings stand out. First,removing the vision tower entirely (text—only ALARM) costs
12.8% relative on cold HR@10—the second—largest drop, after the novelty term itself. This
isolates the contribution of the visual reading of the KG, independently of the symbolic
Overlap/Reach signal which the text—only variant still retains.Second, removing only the
visual sub—term Dvis from the novelty function (keeping the ViT in the encoder, removing it
from acquisition) costs 5.9% relative, showing that the vision pathway is useful both as an
encoder and as an acquisition signal. Removing the full KG novelty term gives the largest
single drop (—17.3% relative on cold HR@10), supporting our claim that domain—specific
signal drives most of the coldstart gain. The circular Dvis row confirms our design
choice:using the scorer’s own LoRA-adapted embeddings instead of the frozen pre—
adaptation features changes cold HR@10 by<0.2 pp (within one SD). All gaps between Full
ALARM and the acquisition—term ablations exceed one SD on cold HR@10.

Table2. Ablation of the vision pathway and cognitive—-uncertainty components on
mooccube at 20% budget.

Variant HR@10 C-HR
Full ALARM(¢=0.3,4=0.3,y=0.4,4=0.3) 0.548 +.004 0.358 +.011
Vision—pathway ablations
vision tower (text-only ALARM) 0.512 £+.005 0.312 £.013
visual novelty term Dyisonly 0.531 +.004 0.337 +£.012
circular Dyis(adapted v,not frozen) 0.547 +.005 0.357 +.012
Acquisition—term ablations
MC variance a=0 0.534 +.004 0.347 £.012
entropy =0 0.536 +.005 0.343 +.011
KG novelty (whole N,y=0) 0.518 +.005 0.296 +.013
all three (random sampling) 0.461 +.006 0.234 +.014
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4.5. Multimodal backbone and KG robustness

Table3 summarizes two robustness analyses. Top: we vary the language and vision encoders.
LLM-side performance scales smoothly with model size up to ChatGLM—-6B; the additional
jump to LLaMA-3-8B is marginal. Vision - side, CLIP ViT - L/14 outperforms the smaller
ViT - B/16 by ~1.2 pp on cold HR@10 at modest extra cost, while SigLIP ViT—L matches
CLIP. Replacing the visual encoder with a graph neural network on the same KG adjacency
(GraphSAGE over G) loses ~2.7 pp on cold HR@10. To rule out an undertrained baseline,
GraphSAGE was tuned on the validation split over depth, hidden width, fan—out, aggregator,
and dropout (best of 18 configurations), under the same label and LoRA-round budget as the
visual pathway; the gap suggests visual reading captures spatial topology that message—
passing over the same adjacency does not directly expose. Bottom: ALARM’s largest gain
comes from the KG—novelty term and the visual reading. With only a tag taxonomy and no
edges (Reach=0, disconnected nodes), cold HR@10 falls ~5.1 pp; with no KG at all,cold—
start drops to text-only ALARM with random selection.To separate structure from a
particular rendering, we test two deterministic layouts (Fruchterman—Reingold and Kamada—
Kawai) and a random shuffle: the deterministic layouts fall within 0.3 pp of each other while
the shuffle costs ~3.4 pp (larger than either gap and than one SD), so it is the spatial
regularities of a structure—aware layout, not the particular embedding or tag identity, that the
VIiT reads.

Table3. Top: multimodal backbone study.

Bottom: kg robustness with clip vit-1/14 and chatglm-6b fixed.

Variant Params (B) HR@10 C-HR

LLM backbone (vision:CLIP ViT-L/14)
BERT-base 0.11 0.494 0.301
e5-large 0.34 0.516 0.323
Qwen2-1.5B 15 0.529 0.334
ChatGLM-6B (default) 6.2 0.548 0.358
LLaMA-3-8B 8.0 0.551 0.361

Vision encoder (LLM:ChatGLM-6B)

GraphSAGE on G (no vision) — 0.530 0.331

CLIP ViT-B/16 0.09 0.541 0.346

SigLIP VIiT-L (SoViT) 0.42 0.546 0.357

CLIP ViT-L/14 (default) 0.30 0.548 0.358

KG variant (default backbones)

Full KG, spring (Fruchterman - Reingold) — 0.548+004 0.358+011
Full KG, Kamada—Kawai layout — 0.546x005 0.355+012
Random-shuffle layout — 0.531+006 0.324+013
Tag-only (no edges, no layout) — 0.527+005 0.307+013
No KG (y=0, no vision tower) — 0.498+006 0.272+014

4.6.Compute cost

Table 4 reports per—round and total wall-clock cost on a single A100 40GB. LoRA-only
updates make the multimodal protocol practical: each active—learning round takes ~1.5 h for
the LoRA fine - tune of both encoders plus ~7 min for acquisition scoring—versus roughly
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12 X the round time for full fine - tuning, which would put the 12 - round curve out of reach.
One - off KG rendering and frozen ViT/LLM feature extraction add ~4.5 h. The full 12—
round curve is ~23.5 h, up from ~21 h for text - only ALARM.

Table4. Wall-clock cost on mooccube, single a100 40gb, 12 active—learning rounds,
batch 256.

Phase Single round Full curve
KG subgraph rendering (one—off) — 0.4h
Frozen ViT encoding of KG (one—off) — 2.0h
Frozen LLM encoding (one—off) — 2.1h
Acquisition scoring 7 min 1.4h
LoRA fine—tune (LLM + VIiT) 15h 18.0h
Total wall-clock — ~23.5h

4.6. Educational implications and deployment

Beyond retrieval metrics, ALARM fits a real teaching workflow. First, the population it
targets—Ilearners with three or fewer enrollments—is exactly the one a platform most wants
to retain, so improving cold-start ranking is an equity as much as an accuracy question: it
disproportionately helps first-time and under—served learners who generate little
collaborative signal.Second, the vision—grounded novelty term is a pedagogical lever, not
just a heuristic: it rewards courses a bounded number of prerequisite hops beyond the
learner’s current frontier, so an instructional designer can tune it toward consolidation or
stretch, and the rendered subgraph gives a human-readable rationale for each suggestion.
Third, the active—learning loop matches how educational labels actually arrive—completion,
certification, or expert curation—telling a course team which few learner—course pairs are
worth eliciting; in deployment the oracle is the platform’s own completion log, so ALARM
runs on data a MOOC already collects.

4.7. Discussion and limitations

ALARM’s gains depend on a course knowledge graph that can be rendered; without one, the
novelty term degenerates to keyword overlap and the cold-start gain shrinks (Table
[11).Performance is sensitive to layout and to encoder size (SectionlV-E). Finally, ALARM
assumes an oracle label on query; in deployment that oracle is the platform’s enrollment
outcome, which arrives with delay and noise. Extending the framework to learner—facing
visual modalities (slide images,board photographs) is a natural next step the architecture
supports without structural change.

5. Conclusion

We presented ALARM, which—building on established visual graph—reading methods —
applies visual reading of a course knowledge graph to recommendation for the first time, and
derives from it a vision—grounded novelty signal that drives cognitive—uncertainty active
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learning under LoORA—only updates that keep multi—round operation tractable on a single
GPU. On two public benchmarks, ALARM at 20% of the label cost matches fully supervised
graph and LLM baselines and improves cold-start HR@10 by +48.5% and +56.4% relative;
ablations isolate the visual pathway (12.8%) and the novelty term (17.3%). We believe visual
reading of structured side information—knowledge graphs here, prerequisite trees or
curriculum charts elsewhere—is a broadly useful primitive for recommenders beyond
education.
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