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Abstract

Continual learning for video–language under-
standing is increasingly important as models face
non-stationary data, domains, and query styles,
yet prevailing solutions blur what should stay sta-
ble versus what should adapt, rely on static rout-
ing/capacity, or require replaying past videos. We
aim to explicitly specify where stability lives and
where plasticity should be focused under realis-
tic memory and privacy constraints. We introduce
Affordance-First Decomposition (AFD): videos are
mapped to slowly varying affordance tokens that
form a shared, time-aligned substrate, while a
lightweight, query-routed, conflict-aware sched-
uler concentrates adaptation and grows capacity
only when needed. The substrate is stabilized via
weak alignment and teacher consistency, and train-
ing uses question-only replay. AFD achieves state-
of-the-art across protocols: 51.6% average accu-
racy with −1.8% forgetting on domain-incremental
VideoQA, ViLCo R@1@0.5 of 29.6% (MQ) and
20.7% (NLQ) with 18.4% stAP@0.25 (VQ), and
39.5% accuracy with −1.6% forgetting on time-
incremental iVQA. Overall, AFD offers an explicit,
interpretable split between a stable interaction-
centered substrate and targeted adaptation.

† Equal contribution ∗ Corresponding author

1. Introduction

• Prompt/adapter 
• static routing 

• post-hoc stabilization

Finetunes on a stream of video-language reasoning tasks

What is the person 
holding in the video?

Describe the actions 
that happen

What is the person 
doing at the start 

of the video?

• Affordance substrate
• query-routed adapters

• conflict-triggered growth

Figure 1. Under a stream of video–language reasoning
tasks, existing methods rely on prompt/adapter add-ons
with static routing and post-hoc stabilization, leaving the
stability–plasticity trade-off implicit. AFD instead an-
chors evidence in a slowly varying affordance substrate
and applies query-routed, conflict-triggered adapter up-
dates, explicitly separating stability from plasticity.

Video understanding [1, 57, 60] underpins as-
sistive analytics, retrieval, and embodied agents,
where models must parse long, multi-event se-
quences and align visual dynamics with natural lan-
guage [17, 21, 28, 53, 61]. Yet real deployments
seldom operate in a stationary world: data, do-
mains, and query styles evolve over time [18, 23,
24, 32, 35, 41]. Continual video–language rea-
soning is therefore central to assistants that must
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keep learning from non-stationary streams while
answering open-form queries, and step reasoning in
videos. Recent studies underscore both the oppor-
tunity and difficulty: long egocentric protocols mix
heterogeneous tasks and language forms [5, 43],
and time-continual pretraining shows that naı̈ve
fine-tuning quickly drifts while replay-heavy strate-
gies raise cost and privacy concerns [10, 19, 44, 52,
55]. Robust solutions must retain prior skills, ac-
quire new ones, and remain efficient without rely-
ing on storing old videos [3, 14, 27, 46, 47, 51].

Despite rapid progress, two shortcomings per-
sist: (i) Objectives for stability vs. adaptability
are under-specified. Existing lines either special-
ize with prompts/adapters or preserve geometry via
distillation/topology constraints, but rarely articu-
late which structures should remain task-invariant
and which should adapt along a stream—making
stability largely incidental and hard to diagnose [2,
6, 41, 65, 68]. (ii) Plasticity is budgeted heuristi-
cally. Capacity and routing are commonly fixed or
task-indexed, while interference is mitigated post
hoc by merging or global regularizers. Few ap-
proaches use online signals to decide when/where
to change [12, 40, 42, 48, 58].

This paper asks: Can continual video–language
learning be anchored in a slowly varying,
interaction-centered substrate that separates sta-
bility from adaptation? As shown in Fig. 1,
we adopt an affordance-first decomposition(AFD):
videos are mapped into affordance evidence, while
adaptation is concentrated in a lightweight, query-
routed reasoning module. The affordance evidence
provides time-aligned, reusable signals that remain
stable across tasks. The routed module focuses
plastic updates only where conflict arises, preserv-
ing past capabilities without broad parameter drift.

Our contributions are as follows: (i) We intro-
duce an affordance-first decomposition that sep-
arates a slowly varying shared substrate from
a plastic routed scheduler, clarifying where sta-
bility vs. adaptability should live in continual
video–language learning. (ii) We operational-
ize conflict-aware adaptation by query-conditioned
per-layer routing and selective capacity growth,
and adopt a question-only replay strategy that

is privacy- and memory-friendly. (iii) Across
ViLCo[43] and standard VideoQA suites, our ap-
proach achieves state-of-the-art results with sub-
stantially lower forgetting compared to strong base-
lines and recent SOTAs, while remaining order-
robust and compute-efficient.

2. Related Work
2.1. Continual video-language learning.
Early multimodal CL revealed strong order sen-
sitivity and forgetting in linguistically structured
VQA and captioning [8, 11]. ViLCo-Bench
later standardized long-video continual protocols
and shifted evaluation toward open-form reason-
ing [43]. Recent SOTAs adapt LLM/VLM back-
bones via prompting or adapters—ColPro injects
collaborative prompts [2], DAM merges dataset-
wise adapters at inference [6], and Bisecle couples
binding with separation to reduce interference [41].
Yet these approaches often specialize by dataset or
prompt banks and model interference only implic-
itly. AFD departs by separating a slowly varying af-
fordance head from a query-routed, conflict-aware
scheduler and by relying on question-only replay.

2.2. Parameter-efficient routing and
prompting.

Prompt/adapter methods enable rehearsal-free se-
lectivity for CLIP-style models [40, 48, 54,
67], while adapter/MoE variants improve trans-
fer/retention via selective gating or consolida-
tion [12, 13, 25, 31, 33, 42, 56, 58, 59]. However,
capacity is typically fixed (e.g., prompt count or
LoRA rank), routers are often task/domain-driven,
and the stabilized representation is not made ex-
plicit [37]. Our scheduler instead performs per-
layer query-conditioned routing over LoRA experts
and grows rank only when measured conflict ex-
ceeds a threshold, concentrating plasticity while
bounding capacity.

2.3. Continual multimodal learning.
Geometry-preserving CL for VLMs aligns cross-
/intra-modal similarity or momentum topologies to
protect zero-shot ability [36, 65, 66, 68], prag-
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matic training shows that warm-start plus replay
approaches full re-training at far lower cost [10].
Privacy-aware/data-free directions use structured
or synthetic replay and rectify teacher noise [7, 22,
34, 39, 50, 62, 64]. These streams still blur what
should remain shared and where to place plastic-
ity. AFD contributes an interpretable, slow-varying
affordance substrate.

3. Method
We address continual video–language reason-
ing where tasks arrive as a stream and both
domains and query formats evolve over time.
Our approach is Affordance-First Decomposi-
tion(AFD). A shared head converts a video into
temporally grounded affordance tokens. A plas-
tic LLM-backbone scheduler consumes the query
tokens together with these affordance tokens and
performs event-level reasoning through per-layer
routed low-rank adapters. Stability acts only on
the shared head. Plasticity and task specialization
are absorbed by the LLM scheduler. Two com-
pact memories enable practical rehearsal. Figure 2
presents the pipeline.

3.1. Problem setup
We work in a streaming setting where tasks ar-
rive over time. Each task provides labeled triples
(V, q, y) and an unlabeled clip pool for stability. A
video V = {Ft}Tt=1 is the visual input. A query q
is free text. The target y is either an open answer or
a temporal span or a step sequence.

The model has two parts: the shared affordance
head hψ converts the video into continuous affor-
dance tokens that are linearly projected into the
LLM hidden space to form keys and values (K,V ).
The LLM-backbone scheduler gLLM

ϕ embeds the
query with the same LLM to obtain U and attends
to (K,V ) to produce the task-appropriate predic-
tion. Overall predictor is

fΘ(V, q) = gLLM
ϕ

(
U,K, V

)
(1)

where U = ELLM[Tok(q)] , (K,V ) = Π(hψ(V )).
We maintain two small memories that serve train-
ing only. MQ stores diverse past questions for re-
play distillation. MA stores affordance prototypes

for diagnostics. By design, stability constraints are
applied to the shared head hψ and task plasticity is
absorbed by the scheduler gLLM

ϕ .

3.2. Architecture
Shared affordance head hψ Affordances are ob-
ject–action regularities that vary slowly across do-
mains and tasks. A stable affordance space reduces
gradient conflict for downstream reasoning.

LetX1:T = Encv(V ) withXt ∈ Rdv . The head
produces an affordance distribution

zt = fst(Xt),

st(a) = ⟨wa, zt⟩,
Pt(a) = softmaxa∈VA

(
st(a)/τ

)
.

(2)

We form a sparse renormalized distribution on the
top L categories,

qt(a) =
1[a ∈ Top-L] · Pt(a)∑

a′∈Top-L Pt(a
′)

, (3)

then build a continuous token with an embedding
table EA ∈ R|VA|×da ,

At =
∑
a∈VA

qt(a)EA[a] ∈ Rda . (4)

To interface with the LLM hidden space we project

Kt =WKAt, Vt =WVAt, (5)

where stack K = stackt(Kt) and V = stackt(Vt).
WK ,WV ∈ Rdmodel×da .

LLM tokenizer and text interface The sched-
uler is an LLM. Queries must be embedded in its
native space for unified conditioning and genera-
tion. Let Tok be the LLM tokenizer with vocabu-
lary VLLM and ELLM ∈ R|VLLM|×dq its input embed-
ding matrix. We compute

[w1, . . . , wL] = Tok(q),

U = [u1, . . . , uL] with uℓ = ELLM[wℓ],

u = Pool(U).

(6)

where U ∈ RL×dq are token embeddings. u ∈ Rdq
is a pooled query state used by the router.
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Figure 2. Overview of the proposed Affordance-First Decomposition (AFD) framework for continual video–language
question answering. A stream of video–language tasks arrives over time, each video is encoded and mapped by a shared
affordance head into slowly varying affordance tokens and prototypes, while questions are embedded and stored for
replay to route per-layer LoRA adapters in the LLM-backbone scheduler. Stability loss Laff acts only on the affordance
head, whereas task and replay losses (Ltask + Lreplay) act only on the routed adapters, explicitly separating a stable
affordance substrate from a plastic reasoning module.

Per-layer routing and adapter injection Het-
erogeneous tasks require different reasoning skills.
Instance-wise routing focuses plastic capacity and
reduces interference. At each adapterized LLM
layer ℓ ∈ S the router computes mixture weights

α(ℓ) = softmax
(
W (ℓ)
r u

)
∈ ∆m−1, (7)

and injects a mixture of LoRA experts into the lin-
ear map W (ℓ)

W̃ (ℓ) =W (ℓ) +

m∑
j=1

α
(ℓ)
j

B
(ℓ)
j A

(ℓ)
j

s
(ℓ)
j

, (8)

where A(ℓ)
j ∈ Rr

(ℓ)
j ×din and B

(ℓ)
j ∈ Rdout×r(ℓ)j are

low-rank factors with rank r(ℓ)j and s(ℓ)j is a scale.
We measure conflict by a clamped negative co-

sine with numerical stabilization

c
(k)
j =

[
−

⟨g(k)j , ḡ
(1:k−1)
j ⟩

∥g(k)j ∥2 ∥ḡ(1:k−1)
j ∥2 + ε

]
+

, ε > 0.

(9)
The LoRA rank grows discretely by the excess con-
flict above a threshold and is capped

∆r
(k)
j = min

{
rmax − r

(k−1)
j ,

⌊
γ (c

(k)
j − τc)+

⌋}
,

r
(k)
j = r

(k−1)
j +∆r

(k)
j .

(10)
Here τc ∈ [0, 1) is the threshold, γ > 0 is a
gain, and (·)+ = max{·, 0}. Initialization of new
columns can follow a truncated SVD of the pro-
jected gradient with Tikhonov-regularized inverses,
detailed in the Supplementary Materials.

LLM-backbone scheduler with affordance
cross-attention The LLM composes language
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evidence with affordance evidence and outputs the
final reasoning result while insulating the shared
head from frequent changes.

At layers ℓ ∈ S the LLM attends to affordances

Q = UWQ,

H = Attn(Q,K, V ),

r = Pool(H,U).

(11)

and task heads support three query formats with a
unified supervision

Ltask = Igen

[
−
∑
m

log p(ym | y<m, U,K, V )

]
+ Ispan

[
− log ps(ts)− log pe(te) + λu

(
1− tIoU

)]
+ Istep

[
−
∑
m

log p(πm | π<m, U,K, V )

]
.

(12)
Here ts, te ∈ {1, . . . , T} and tIoU[20] is computed
on discrete frame intervals. Each sample activates
exactly one head indicated by the selector Igen or
Ispan or Istep.

3.3. Training objective
Affordance stability on hψ We blend weak
alignment with teacher consistency

Laff = β

[
−
∑
ℓ

log
( ∑
t∈Sℓ

∑
a∈Cℓ

Pt(a)
)]

+ (1− β)
1

T

T∑
t=1

KL
(
P̄t ∥Pt

)
,

(13)

where Sℓ is an ASR span with verb candidates
Cℓ. Pt(·) is the current affordance distribution and
P̄t(·) is the frozen teacher from the previous task.
The scalar β ∈ [0, 1] balances the two terms. Gra-
dients of Laff update ψ only.

Question-only replay distillation on gLLM
ϕ We

store diverse past questions and distill on current
clips with temperature Tkd > 0 and optional confi-
dence masking ρ ∈ (0, 1)

Lreplay = Eq(u),V KL
(
p̄T (· | V, q) ∥ pT (· | V, q)

)
,

where pT = softmax(z/Tkd).
(14)

and we include only pairs whose teacher maximum
probability exceeds ρ to suppress noisy supervi-
sion. Here, the expectation is over q(u) ∈ MQ

and V , and pT = softmax(z/Tkd) denotes the
temperature-scaled probability distribution. Gradi-
ents of Lreplay update ϕ.

Full objective At task k we minimize the three-
term objective

L(k) = L(k)
task + λaffL(k)

aff + λrepL(k)
replay (15)

with positive scalars λaff and λrep. Gradients of
Ltask and Lreplay update the LLM scheduler with
routed adapters and rank growth.

4. Experimental Results
4.1. Experimental Setup
Datasets (i) ViLCo-Bench. To evaluate con-
tinual video–language reasoning across heteroge-
neous tasks, we adopt ViLCo-Bench with its three
continual tracks built from Ego4D: Moment Query
(MQ), Natural Language Query (NLQ), and Vi-
sual Query (VQ) [43]. We follow its official
query-incremental protocols: MQ (5 tasks, 110 ac-
tions), NLQ (13 tasks, open-vocabulary queries),
and VQ (5 tasks with vision queries). (ii) Con-
tinual VideoQA suites. For domain- and time-
incremental VideoQA, we adopt the datasets used
by recent continual VL methods [6]. We use
the dataset-incremental protocol (train adapters se-
quentially per dataset, evaluate on all test sets) and
the time-incremental protocol on iVQA by parti-
tioning videos by upload time, as in [6]. (iii)
Complex reasoning VideoQA. To probe multi-
step reasoning and planning, we include CVQA
from VQAGuider [4] and the 11-VideoQA bench-
mark set from LTR [30] (we report the overlapped
common sets with our training budget). These
tracks are not used for pure continual metrics. In-
stead, we report zero-shot/finetuned generalization
and sequence-trained robustness. (iv) Long-video
understanding (stress test). To measure long-
range temporal robustness of our AFD, we include
VideoMME and MLVU used by LongVU [38] and
the long-context evaluations in VideoLLaMB [46].
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Table 1. Domain-Incremental VideoQA on 6 datasets. Metric: top-1 accuracy (%). Best, second-best, and third-best

cells are shaded in dark gray, medium gray, and light gray, respectively.

Method iVQA MSVD MSRVTT LSMDC ANet TGIF Avg.↑ Forget↓

Upper bounds
Adapters (Multitask) 39.7 56.6 46.7 62.9 42.2 67.8 52.6 –
Prompt Tuning (Multitask) 35.0 49.0 37.1 57.4 33.9 59.2 45.3 –

Continual methods
Zero-Shot 26.8 33.0 15.0 51.5 25.5 41.9 32.3 –
Seq-FT 28.4 36.0 23.7 52.1 31.2 67.6 39.8 –
EWC [16] 29.9 39.3 25.5 54.9 32.4 68.5 41.6 −10.9
LwF [26] 28.3 38.2 25.8 56.4 33.6 67.7 41.8 −10.7
L2P [48] 32.8 43.3 32.1 54.8 27.2 54.4 40.8 −4.6
CODA-Prompt [40] 32.9 44.8 28.7 50.7 23.9 54.7 39.6 −5.7
S-Prompts [45] 31.8 45.5 30.2 54.9 27.9 56.1 41.1 −4.2
MoE (adapters) 31.7 37.1 23.9 57.7 28.9 66.8 41.0 −11.6
ColPro [2] 35.3 49.6 36.7 58.4 32.1 61.0 45.5 −3.9
LAE [9] 36.1 50.2 37.5 58.8 32.7 61.5 46.1 −3.4
Bisecle [41] 38.9 52.1 41.3 62.1 35.4 66.3 49.4 -2.7
DAM [6] 39.1 53.6 42.2 63.0 36.3 66.8 50.2 -2.3
AFD (ours) 40.7 55.8 43.7 63.6 38.0 68.1 51.6 -1.8

Notes. The six datasets follow the sequence iVQA → MSVD → MSRVTT → LSMDC → ActivityNet (ANet) → TGIF.
“Adapters/Prompt Tuning (Multitask)” jointly train on all datasets and are shown only as non-continual ceilings.

Evaluation Metrics (i) ViLCo-Bench. We fol-
low the official metrics [43]: average recall
R@1/R@5 at IoU thresholds (MQ/NLQ), with
Backward Forgetting (BwF) as the continual met-
ric; for VQ we report tAP@0.25, stAP@0.25, av-
erage recall, and success rate. We also compute
the average performance P across tasks as in [43].
(ii) VideoQA. For single-answer VideoQA, we re-
port top-1 accuracy. For multiple-choice datasets,
we use MC Acc. For open-ended datasets with stan-
dard VQA-style processing we additionally report
EM/F1 when applicable . (iii) Continual learn-
ing diagnostics. In addition to BwF on ViLCo,
we report Average Accuracy after each task and
the standard Backward Transfer (BWT) and Forget-
ting where defined in the compared papers. For
time-incremental iVQA, we report per-slice accu-
racy and average across time slices [6].

4.2. Main results

VideoQA. Table 1 shows that AFD attains the
best average accuracy among continual methods

Table 2. ViLCo-Bench (Ego4D) under query-
incremental protocols.

Method MQ R@1@0.5 ↑ NLQ R@1@0.5 ↑ VQ stAP@0.25 ↑

ViLCo [43] 21.2 12.6 13.4
ColPro [2] 26.2 17.8 15.9
DAM [6] 27.1 16.9 16.5
Bisecle [41] 26.8 18.2 16.1
AFD (ours) 29.6 20.7 18.4

(51.6%), surpassing DAM by +1.4 points while
maintaining the lowest forgetting (−1.8). Gains are
consistent on five of six datasets.

ViLCo-Bench. As summarized in Table 2, AFD
achieves the strongest performance on all three
query types: +2.5 R@1 on MQ, +2.5 R@1 on
NLQ, and +1.9 stAP on VQ over the best compet-
ing baseline.

Beyond the domain-incremental and ViLCo re-
sults in Tables 1–2, we further report the time-
incremental iVQA protocol and the two non-
continual settings (complex reasoning and long-
video stress tests) to verify the robustness.
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Table 3. Additional evaluations. Left: time-incremental iVQA (4 temporal slices by upload time). Right: complex
reasoning (non-continual) and long-video stress tests (non-continual). Best, second-best, and third-best cells are shaded

in dark / medium / light gray, respectively.

(a) Time-Incremental iVQA (top-1 %, higher is better)

Method S1 S2 S3 S4 Avg.↑ Forget↓

Zero-Shot 26.9 26.6 26.3 26.0 26.5 –
Seq-FT 29.1 27.4 27.0 26.3 27.5 –
EWC [16] 31.5 30.6 30.0 29.4 30.4 −6.7
LwF [26] 31.2 30.3 29.8 29.1 30.1 −6.9
SMoE [63] 35.3 33.6 31.5 34.2 33.7 −3.5
DIKI [42] 31.4 28.6 30.2 31.9 30.5 −5.3
DMNSP [15] 34.0 33.6 30.6 33.9 33.0 −4.2
SMoLoRA [49] 33.2 31.0 29.4 32.5 31.5 −5.6
L2P [48] 34.9 34.0 33.1 32.5 33.6 −3.9
ColPro [2] 36.1 35.2 34.1 33.5 34.7 −3.3
Bisecle [41] 39.8 37.7 36.8 36.1 37.6 −2.5
DAM [6] 40.2 38.1 37.2 36.9 38.1 −2.2
AFD (ours) 41.8 39.6 38.5 38.1 39.5 −1.6

(b) Non-continual references (higher is better)

Complex reasoning

Method CVQA EM 11-VideoQA

ColPro [2] 55.8 60.2
LTR [30] 58.7 63.1
VQAGuider [4] 61.3 66.5
AFD (ours) 62.8 67.4

Long-video stress test

Method VideoMME MLVU

VideoLLaMB [46] 60.1 55.9
LongVU [38] 61.2 57.3
AFD (ours) 61.7 57.9

Time-Incremental iVQA. As shown in Table 3(a),
AFD achieves the best average accuracy (39.5%)
with the lowest forgetting (−1.6), outperforming
DAM by +1.4 points and Bisecle by +1.9. Per-
slice gains are consistent (S1–S4), indicating that
affordance-stabilized video tokens alleviate tempo-
ral distribution drift.

Complex Reasoning. In Table 3(b, top), AFD
attains the highest scores on CVQA and 11-
VIDEOQA, slightly surpassing VQAGuider and
LTR . These results suggest that AFD’s sched-
uler composes affordance evidence effectively for
multi-step reasoning without explicit tool calls.

Long-Video Stress Tests. Table 3(b, bottom)
shows that AFD is better than specialized long-
video systems under the same backbone family,
while our approach remains architecture-light (no
dedicated memory bridges or heavy token pruning).

4.3. Ablation and Analysis

Ablation results We perform single-factor abla-
tions under the same setup as Section 4.1. Variants
are : ❶ w/o affordance tokens(direct frame tokens
to LLM); ❷ w/o router (uniform adapter mixing);
❸ fixed LoRA rank r=8 (no rank growth); ❹ w/o

question-only replay (λrep=0); ❺ w/o ASR weak-
alignment term in Laff; ❻ w/o teacher-consistency
(KL) in Laff; ❼ hard sparsity Top-L=1; ❽ smaller
memory budgets (BQ=2k, BA=256). From Ta-
ble 4, ❶ produces the largest drop and increases
forgetting by 1.5, highlighting the central role of a
stable affordance space. ❷ and ❸ further confirm
that instance-wise routing and conflict-triggered
capacity are both important. Other modules also
have a positive impact on performance.

Are affordance tokens stable? We vali-
date the structural division of labor (stable affor-
dance head vs. plastic LLM scheduler) from a
representation perspective. Across tasks k=1. . .6
(iVQA→MSVD→MSRVTT→LSMDC→ANet→
TGIF), we (i) track prototype drift as cosine dis-
tance per affordance prototype between consecu-
tive tasks (k−1 → k), and (ii) compute cover-
age of verb/action clusters captured by Top-L mix-
tures (L ∈ {1, 4, 6, 8, 10, 12}). From Fig. 3, pro-
totype drift remains small and narrowly distributed
across all task transitions, while adjacent-task CKA
remains high, evidencing a stable, reusable affor-
dance space. Verb/action coverage rises monoton-
ically with Top-L and plateaus around L=8, sup-
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Table 4. Single-factor ablations.

Variant
Domain-Incremental VideoQA ViLCo-Bench (Ego4D)

Avg. Acc.↑ MSRVTT↑ ANet↑ Forget↓ MQ R@1@0.5↑ NLQ R@1@0.5↑ VQ stAP@0.25↑

Full AFD 51.6 43.7 38.0 −1.8 29.6 20.7 18.4

❶ 48.7 (-2.9) 41.1 (-2.6) 35.4 (-2.6) −3.3 (+1.5) 28.0 (-1.6) 19.1 (-1.6) 16.9 (-1.5)

❷ 49.8 (-1.8) 42.3 (-1.4) 36.9 (-1.1) −2.6 (+0.8) 28.5 (-1.1) 19.7 (-1.0) 17.5 (-0.9)

❸ 50.5 (-1.1) 42.9 (-0.8) 37.3 (-0.7) −2.3 (+0.5) 28.9 (-0.7) 20.0 (-0.7) 17.8 (-0.6)

❹ 50.2 (-1.4) 43.0 (-0.7) 36.8 (-1.2) −2.8 (+1.0) 28.6 (-1.0) 19.8 (-0.9) 17.6 (-0.8)

❺ 50.8 (-0.8) 43.2 (-0.5) 37.4 (-0.6) −2.2 (+0.4) 29.0 (-0.6) 19.9 (-0.8) 17.9 (-0.5)

❻ 50.6 (-1.0) 43.1 (-0.6) 37.2 (-0.8) −2.4 (+0.6) 28.8 (-0.8) 19.8 (-0.9) 17.7 (-0.7)

❼ 50.7 (-0.9) 43.0 (-0.7) 37.3 (-0.7) −2.4 (+0.6) 28.9 (-0.7) 20.1 (-0.6) 17.8 (-0.6)

❽ 51.0 (-0.6) 43.4 (-0.3) 37.6 (-0.4) −2.1 (+0.3) 29.2 (-0.4) 20.3 (-0.4) 18.0 (-0.4)

porting the design choice that soft, sparse mixtures
encode co-occurring affordances without destabi-
lizing the head.
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(a) Verb-action coverage analysis at different Top-L thresholds
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(b) Prototype drift distributions across task transitions

Figure 3. Affordance stability and coverage. (a) Soft
Top-L mixtures increase verb/action coverage without
requiring more scheduler capacity. (b) Drift distributions
concentrate near zero with small spread across tasks,
consistent with a slowly varying shared space.

Case study In Fig. 4, AFD correctly anticipates
the interaction, while Bisecle[41] focuses on in-
cidental cues. This indicates that our affordance-
first decomposition prioritizes object–action regu-
larities over local appearance, improving causal an-
ticipation.

Questions: 
What is about to happen in this scene?

Bisecle: The man will fall down.

AFD(ours): The truck will overturn.

Questions: 
What is the person doing?

Bisecle: Wiping dust off the table.

AFD(ours): Moving the table.

Figure 4. Case study.

5. Conclusion
We addressed the central question of where
stability should live and where plasticity should
adapt in continual video–language learning,
proposing an affordance-first decomposition
with a slowly varying substrate and a query-
routed, conflict-aware scheduler. Across ViLCo
and domain/time-incremental VideoQA, this
split yields state-of-the-art accuracy with sub-
stantially lower forgetting, and the diagnostics
support the “slowly varying” substrate hypoth-
esis. Future work will explore online affor-
dance discovery, and multi-sensor extensions[29].
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