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Abstract. How can we teach large multimodal models (LMMs) new
skills without erasing prior abilities? We study sequential fine-tuning
on five target skills while monitoring general ability on eight held-out
benchmarks across three model families. Surprisingly, we find that per-
formance lost on held-out tasks after fine-tuning on one skill can partly
recover when the model is subsequently tuned on a different skill. We
trace this behavior to a measurable shift in the output token distribu-
tion, manifested through a simple counting-bias probe that shows the
shift co-varies with forgetting. Guided by this insight, we identify two
simple, robust tuning recipes that learn strongly while limiting drift: (i)
updating only the self-attention projection layers (SA Proj., ∆ learning
+24.9 / ∆ held-out forgetting -0.6), and (ii) updating only the MLP
Gate&Up while freezing the Down projection (+30.5 / -2.1). Both sub-
stantially outperform full-LLM tuning (+31.8 / -23.3) in the learning–
forgetting trade-off. We also compare against common forgetting mitiga-
tion methods—Learning without Forgetting (LwF), LoRA, Mixture-of-
Experts, and weight-space interpolation (WiSE-FT)—and find that our
selective tuning recipes match or exceed their learning–stability balance
while remaining simpler, requiring no replay, auxiliary parameters, or
per-stage tuning. These results hold across LLaVA-OneVision, LLaVA-
NeXT, and Qwen2.5-VL, confirming that the key to teaching LMMs new
skills without forgetting lies in controlling output distribution shift by
choosing which components to tune. Code will be made available.

Keywords: Large Multimodal Models · Continual Learning · Selective
Tuning · Learning without Forgetting

1 Introduction

Large multimodal models (LMMs), such as LLaVA [33] and Qwen2.5-VL [2],
are trained to generate natural language answers based on image(s) and natural
language instruction. As such, these models can perform a wide range of tasks.
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Fig. 1: Surprising Forgetting Behavior in LMMs: Left: When fine-tuning most
components on one target task, we see major improvement in that task (“Learning”)
but a substantial drop in performance of other tasks (“Forgetting”, total across tasks
shown here), as expected. But if we only tune self-attention projection layers (SA Proj.)
in the language model, we still get substantial learning on the target task with minimal
forgetting. Right: Even fine-tuning SA Proj. for multiple tasks sequentially, we see no
forgetting. For others, we see large forgetting on the PixmoCount task, but the models
somehow partly recover what they "forgot" in learning the next specialized task. Our
paper documents and analyzes these and other interesting phenomena of learning and
forgetting in LMMs, leading to simple and effective ways to teach LMMs new skills.

However, for many special domains, such as medical images, or skills, such as
counting, the models do not perform as desired. How can we teach LMMs some-
thing new without degrading existing capabilities?

Training a new LMM can cost millions of dollars, weeks of time, and emit
hundreds of tons of CO2; accordingly, practitioners often adapt existing models
via fine-tuning rather than retraining from scratch. Since some LMMs are trained
with only a single pass over their data [26], it is natural to keep adapting them
as new data and use cases emerge. However, naïve task-by-task fine-tuning can
degrade broad vision–language ability (“catastrophic forgetting”), as reported in
prior work [6,70,75]. However, we show that forgetting is not uniform: it depends
strongly on which parameters are updated, and some performance drops after a
narrow adaptation stage can partially reverse later.

To study the forgetting dynamics of LMMs systematically, we develop a
controlled evaluation suite. We sequentially fine-tune on five practical target
skills spanning different answer formats (fine-grained bird classification, count-
ing, medical VQA, OCR reading, and time reading), while monitoring general
vision–language ability on eight widely used held-out benchmarks. We report
learning as improvement on the current target task and forgetting as the aver-
age drop on the held-out suite. This protocol lets us compare tuning strategies
on equal footing and directly measure the trade-off between acquiring new skills
and preserving broad capabilities.

Our first goal is to identify tunable parts that deliver high target performance
with minimal forgetting. We compare full-model fine-tuning to tuning each ma-
jor component (vision encoder, projector, LLM) and then open the LLM into its
two essential blocks—self-attention projections (SA Proj.) and the feed-forward
network (MLP). Early experiments on LLaVA-OneVision (Fig. 1) reveal two sur-
prising results: 1) tuning SA Proj. learns with little or no measurable forgetting
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across a five-task sequence; and 2) what appears forgotten after one stage can
be recovered by tuning another specialized task.

These results lead us to ponder: why is SA Proj. tuning so robust to forget-
ting, and how is forgotten knowledge recovered without rehearsing? Consider the
roles of the two essential components in the transformer decoder: self-attention
projections primarily route and combine information from the context [13, 51],
while MLPs act like key–value memories that project activated features back
into the residual stream and thereby influence the next-token distribution [14].
We thus hypothesize that what appears to be forgetting after fine-tuning on a
narrow target task is often a bias in the output distribution induced by the task’s
answer format. We test this on the counting task: tuning the MLP improves the
target performance but also increases the probability of emitting numeric tokens
on a general captioning task, and held-out task accuracy drops accordingly. In
contrast, tuning SA Proj. learns the counting skill without much bias to numeric
tokens and without losing held-out performance (Sec. 5.2).

Guided by this result, we explore tuning recipes that preserve learning while
limiting output shift. To avoid biasing the output distribution, we tune the
MLP up/gating projections while keeping the down projection frozen, and find
that it achieves similar learning to full MLP tuning with little forgetting. We
experiment on LLaVA-OneVision [26] by training five target tasks sequentially,
averaging over three sequence orders, measuring the learning and forgetting in
target tasks and held-out tasks (Sec. 5.1). We then confirm that similar trends
hold for LLaVA-NeXT [25] and Qwen2.5-VL [2] (Sec. 5.3).

To our knowledge, we are the first to systematically study rehearsal-free
continual learning in large multimodal models under sequential skill adaptation
while monitoring performance on broad vision–language benchmarks, and to
show that apparent forgetting can be partially recoverable across stages. Our
main contribution is a mechanistically motivated view of where to update an
LMM to acquire new skills while limiting output-distribution drift, together with
a thorough evaluation suite spanning five practical target skills, eight held-out
benchmarks, and three model families. Our key findings are:
– Tuning the LLM (∆ learning +31.8/∆ forgetting -23.3) is critical

for learning new tasks, while tuning the vision encoder (+9.6/-10.8) brings
little gain and harms general ability.

– Tuning only the self-attention projection weights (+24.9/-0.6) or
the up&gate layers of the MLP (+30.5/-2.1) provides excellent
learning with limited forgetting, evaluated on a five-target task sequence,
eight held-out benchmarks, and three model families.

– Forgetting is largely a manifestation of output distribution shift. We
use a counting-bias probe to show that the rise in number-token likelihood
grows with MLP tuning and remains near baseline for self-attention tuning;
the magnitude of this shift covaries with performance drop in held-out tasks.
This explains why some methods – tuning only SA Proj. or MLP Up&Gate,
or full tuning with distillation loss on the output tokens – can learn with
minimal forgetting.
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2 Related work

Continual learning [1,5,8] aims to train models on a sequence of tasks or contin-
uous data streams while preserving previously acquired knowledge. Much of the
foundational work has been developed in closed-vocabulary image classification,
where approaches can be broadly organized into three families: (1) regularization
methods preserve knowledge from earlier model states by matching logits [30,55],
feature maps [12], or other representational statistics [20, 37, 52, 58, 61, 65]; (2)
exemplar replay methods maintain a reservoir of samples from previous training
stages [3, 38, 40, 43, 53, 55, 57] and revisit them during later phases to reinforce
past knowledge; and (3) network expansion methods [39, 65] increase model ca-
pacity for new target data while freezing a subset of parameters to retain prior
knowledge. More recently, prompt tuning has emerged as an effective continual
learning strategy [19,22,23,60], keeping all model weights frozen while introduc-
ing learnable prompts to accommodate new tasks.

Large language models (LLMs). A growing body of work evaluates the
learning-forgetting trade-off across various fine-tuning strategies for LLMs with
billions of parameters, including full-model tuning, adapters, LoRA, and prompt
tuning. Luo et al. [42] find that decoder-only models exhibit greater robustness
to forgetting than encoder-decoder models. Lin et al. [31] observe that models
fine-tuned for narrow domains can lose general-task ability, though weight inter-
polation (WiSE-FT) [68] helps maintain a balance between specialization and re-
tention. Biderman et al. [4] show that LoRA reduces both learning and forgetting
relative to full fine-tuning. Li et al. [28] propose a dual-memory replay framework
with interpolated LoRA to further manage this balance. Huang et al. [18] gen-
erate pseudo-data from the model itself to mitigate forgetting without requiring
access to original training data. Xiang et al. [69] apply regularization strategies
such as Elastic Weight Consolidation (EWC) [24] and hierarchical importance-
based penalties to preserve general knowledge by constraining updates to impor-
tant parameters. Wang et al. [66] learn orthogonal LoRA weights for new tasks,
reducing interference with previously learned representations. Concurrent with
our work, Shenfeld et al. [56] report that the degree of forgetting correlates with
the distributional shift between the base and tuned models (measured by KL
divergence), and use this finding to explain why on-policy RL training is more
robust to forgetting than supervised fine-tuning.

Roles of attention and FFN in LLMs. Mechanistic studies of transformer
blocks reveal a division of labor. Attention heads act primarily as routing and re-
trieval mechanisms: they select where to read from using query–key patterns and
then mix the corresponding values; this view is formalized in the Transformer
Circuits framework and supported by analyses of “induction heads,” which imple-
ment a simple copying algorithm and closely track the emergence of in-context
learning during training [51]. Complementing this routing role, feed-forward
(FFN/MLP) blocks behave like key–value memories: learned keys detect input
patterns while values write features that align with groups of vocabulary items,
thereby shifting the model’s output preferences [14]. Meng et al. [48] show that
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directly modifying MLP weights updates specific facts while preserving unre-
lated behavior, providing further evidence that FFN layers serve as a principal
site where factual associations are stored. Earlier analyses in BERT and NMT
have also found that a minority of attention heads specialize in linguistically in-
terpretable roles (e.g., syntax, coreference) while many heads are prunable with
little loss, reinforcing the view of attention as selective routing rather than the
main repository of lexical knowledge [9,63]. Our findings are consistent with this
literature: self-attention updates tend to preserve global behavior, while MLP
updates are the main driver of output-distribution shift.

Vision-text contrastive models such as CLIP [54], are trained to align images
and texts for open-vocabulary image classification and retrieval. While CLIP
achieves strong zero-shot performance, it may underperform on fine-grained or
specialized tasks [54,77], motivating the need for reliable continual learning ap-
proaches. Zhu et al. [76, 77] propose learning to blend predictions from original
and tuned image encoders, enabling fast online learning without forgetting for
open-vocabulary classification. Yu et al. [70] add parameter-efficient adapters
to a mixture-of-experts on a frozen CLIP model to prevent forgetting. Zhou
et al. [74] design task-specific projection layers and cross-modal fusion modules
for vision-language models in class-incremental learning. Liu et al. [36] incor-
porate continual low-rank adaptation and knowledge consolidation to prevent
forgetting. Zheng et al. [73] use knowledge distillation [30] on CLIP to main-
tain zero-shot performance. These methods focus on classification with frozen
or lightly adapted encoders; our work instead addresses generative LMMs and
investigates which decoder components to update.

Large multimodal models (LMMs). Although continual learning in gen-
erative instruction-following LMMs remains relatively underexplored, interest is
growing rapidly. Chen et al. [6] find that LMMs suffer from catastrophic forget-
ting when learning a sequence of new tasks. Much of the existing work focuses
on visual question answering (VQA) [11, 32, 44, 50, 71] or image captioning [49].
Zhang et al. [71] leverage both sample-specific and sample-invariant features to
learn representations that are both discriminative and generalizable for VQA
tasks. Nikandrou et al. [50] distill knowledge separately for each modality, en-
suring that both image features and question features retain their relevant infor-
mation when new tasks arrive. Lin et al. [32] combine selective memory replay
and knowledge distillation for VQA. Marouf et al. [44] store only past ques-
tions from previous tasks as memory for rehearsal. More recent approaches rely
on architectural expansions and dynamic routing, such as decoupling modali-
ties via mixture-of-experts [67] or using dynamic MLLM-based routing mecha-
nisms [72]. In earlier model generations, Nguyen et al. [49] integrate continual
learning techniques, such as finetuning schemas and regularization, into the cap-
tioning pipeline to address forgetting, and Del Chiaro et al. [11] introduce an
attention-based LSTM architecture.

In comparison, our study (i) evaluates rehearsal-free sequential skill adapta-
tion on five diverse target skills while monitoring eight broad held-out bench-
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marks across three model families; (ii) identifies two simple, widely applicable
tuning recipes, SA Proj. and MLP Gate&Up (with Down frozen), that provide
strong learning with limited forgetting; and (iii) provides a mechanistic analysis
showing that much of the observed forgetting is tied to output-token distribution
drift, which can be limited (Sec. 5.2) or regularized (Sec. 5.4) without adding
new modules or storing rehearsal data.

3 Method

Fig. 2: Architecture of our evaluated LMMs. The input contains visual inputs such as
images or videos, which are converted to visual tokens by the vision encoder, and text
input is processed by a tokenizer containing a visual placeholder token <image>. Visual
tokens are converted by the projector and concatenated with text tokens as input for
the language model. We visualize the architecture of the transformer decoder layer
of the language model. "LN", "MHA", and "MLP" represent layer norm, multi-head
attention, and multi-layer perceptron, respectively. r(l) is the final output of layer l.

Setting. We adapt a pretrained large multimodal model on either a single-target
task or a sequential stream of tasks. In the single-target case, given a target
dataset DT and a held-out suite DH, the goal is to improve performance on DT

while preserving performance on DH. In the sequential case, tasks {D(1)
T , . . . ,D(K)

T }
arrive in stages; unless noted, we update at each stage without rehearsal (no
mixing of earlier tasks) and assess both the current target and the aggregated
held-out suite after every stage.

3.1 Model

Overview of the LMM. Our evaluated LMMs have three major parts (Fig. 2):
a vision encoder that turns an image into visual tokens, a projector that maps
those tokens to the language width d, and a decoder-only transformer language
model that produces next-token logits given the visual and text tokens.

Vision encoder and projector. The vision encoder produces v = fvis(I) ∈
RSv×dv . The projector maps to the language representation width,

xvis = gψ(v) ∈ RSv×d,

where ψ are the projector’s trainable parameters.
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Language model. The language model is a pre-norm, decoder-only transformer
with L identical blocks. As illustrated in Fig. 2, the sublayer outputs and residual
update at block l are

a(l) = MHA(l)
(
LN(r(l−1))

)
, f (l) = MLP(l)

(
LN(r(l−1) + a(l))

)
, r(l) = r(l−1) + a(l) + f (l), (1)

where MHA and MLP denote the multi-head self-attention and feed-forward
network, respectively, and LN is layer normalization.
Self-attention. With input x and per-head key width dk,

Q = xWQ, K = xWK , V = xWV , A = softmax
(
QK⊤
√
dk

)
, MHA(x) = (AV )WO (2)

Here WQ,WK determine where to attend (routing), WV selects what content is
mixed, and WO projects the mixed value features back into the residual stream
at model width d.
Feed-forward. With input x and gating nonlinearity ϕ = SiLU,

MLP(x) =Wdown(ϕ(xWgate)⊙ (xWup)) , (3)

where ⊙ denotes the elementwise (Hadamard) product. Matrices Wgate,Wup de-
tect features (key-like pattern match), and Wdown projects the activated features
back to the residual stream at width d. We use U ∈ Rd×|V | for the LM head
(unembeddings) and denote the final block output as r(L), so the output logits
are z = U⊤r(L).

Residual stream. Let xtext∈RSt×d be the text embeddings and xvis∈RSv×d

the projected visual tokens. The transformer input stacks them along the se-
quence: r(0) =

[
xtext; xvis

]
. Because the model relies on additive residual con-

nections, the final output state r(L) is exactly the sum of this initial state and
the accumulated updates from all subsequent layers:

r(L) = r(0) +
∑L
l=1

(
a(l) + f (l)

)
. (4)

This formulation highlights two critical points. First, the initial multimodal rep-
resentation r(0) is a direct contributor to the final output logits z. Second, the
sublayers are highly coupled; the key write-back paths—WO (attention output)
and Wdown (MLP output)—inject new content into this shared stream, layer by
layer, directly shifting the final predictions.

3.2 Which parts to tune?

When keeping the token embeddings, the LM head U , and layer-norm parameters
frozen, Eq. 4 highlights the importance of two primary components: the initial
state r(0) (driven by the vision encoder and projector) and the language
model submodules (which accumulate into r(L)).

Within the language model submodules, our selection of tunable parameters
is guided by mechanistic studies of transformer components [14,51]. Prior work
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suggests that self-attention layers act primarily as routers that associate and or-
ganize information from the context, while MLPs behave like key–value memories
that project activated features back into the residual stream, strongly influencing
the next-token distribution. We hypothesize that much of rehearsal-free forget-
ting is driven by unconstrained write-back that biases this output distribution.
Therefore, updating components that mainly change routing (SA Proj.) or up-
dating only the MLP’s feature detectors while freezing its write-back projection
(Wdown) ideally should help limit global output drift and reduce interference.
Guided by this idea and combining Eqs. 2–4, we consider:
– SA Proj.: Update WQ,WK ,WV ,WO in all blocks (routing + write-back for

attention).
– SA Proj. (QKV): Freeze WO to emphasize routing without directly modi-

fying write-back.
– MLP: Update Wgate,Wup,Wdown (concept activation + write-back).
– MLP (Gate & Up): Update Wgate,Wup while freezing Wdown to regulate

write-back.

3.3 Training objective

Target task loss. We use next-token cross-entropy on the current target
dataset with teacher forcing. For a batch B ⊂ D(k)

T at stage k,

Ltask(θ) = E(I,y)∼B

[
−
∑|y|
t=1 log pθ

(
yt | y<t, xvis

)]
, xvis = gψ(fvis(I)) . (5)

Learning-without-Forgetting (optional). To curb the output-distribution
drift, we can enforce a KL-divergence constraint between the outputs of the
current model at stage k with a frozen teacher model (checkpoint after stage
k−1). Let θk−1 be the frozen teacher and θ the current model tuned on D(k)

T .
The objective is

L(θ) = Ltask(θ) + λLdistill(θ; θk−1), (6)

with

Ldistill(θ; θk−1) = E(I,y)∼B̃

[
τ2

|S(y)|
∑
j∈S(y) KL

(
softmax

( zθk−1,j

τ

) ∥∥ softmax
( zθ,j
τ

))]
, (7)

where B̃⊂D(k)
T is a target minibatch, τ is the distillation temperature, and S(y) is

a uniformly random subset of positions with |S(y)| = min(|y|, 1000) so we distill
over many tokens while capping compute/memory. The coefficient λ balances
fitting the new supervision against preserving the model’s earlier behavior.

4 Experiment Design

Our experiments are designed to answer four questions: 1) Where to tune?—which
components of an LMM can be updated to learn new skills while preserving
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prior abilities (Sec. 5.1); 2) Why does forgetting occur?—whether perfor-
mance loss is tied to a shift in the model’s output distribution (Sec. 5.2); 3)
How generalizable is our selective tuning strategy—whether the same
selective-tuning recipes (SA Proj., MLP Gate&Up) transfer across model fami-
lies (Sec. 5.3); 4) How does our selective tuning compare to other simple
forgetting mitigation approaches? (Sec. 5.4). Due to space limits, we provide
additional task/implementation details, per-task tables, and extended analyses
in the Appendix.

4.1 Tasks and evaluation suites

Target tasks. We select 5 target tasks that are common in real-world usage
and are typically challenging for LMMs. Then we create a default sequential-
tuning task curriculum: 1) Bird classification from the CUB dataset [64].
We reformat the dataset following the instructions of [35] for training and eval-
uating LMMs; 2) Counting from the PixmoCount dataset [10]; 3) Medical
VQA from the PathVQA dataset [16]; 4) OCR reading from the TextVQA
dataset [59] which has 34,602 training samples; 5) Time reading from the
TimeClock dataset [15]. In total, the curriculum contains 107,910 training sam-
ples, providing a comprehensive stress test for forgetting and knowledge transfer.

Held-out suite. To measure generalization beyond the training stream, we
evaluate on eight held-out benchmarks: AI2D [21], ChartQA [45], DocVQA [47],
InfoVQA [46], RealWorldQA [62], SeedBench [27], ScienceQA [41], and MMStar
[7]. Several of these are multi-skill evaluation suites (e.g., SeedBench, MMStar),
so the held-out average reflects a broad collection of capabilities rather than a
single narrow dataset. InfoVQA and DocVQA use ANLS; since ANLS is in [0, 1],
we average it with accuracies from the other held-out tasks when reporting the
mean held-out score.

4.2 Sequence-level metrics

We summarize performance over the five-stage curriculum with four metrics
computed for every method.

– Target Learning. At each stage, consider only the task being tuned and
measure its improvement over the base model on that task. We then average
these stage-wise gains across all stages. This captures how well a method
learns the task it is currently trained on.

– Target Forgetting. To measure forgetting on target tasks trained earlier in
the sequence, we report the average difference between their accuracy imme-
diately after they were trained and their accuracy at the end of the sequence.
More negative means more forgetting.

– Target Overall. After training the full sequence, we compute the average
performance change vs. the base model across all target tasks. This yields the
net end-of-sequence effect on the target suite, combining the learned task and
the previously learned targets.
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Table 1: Effect of tuning different components: learning, forgetting, and
overall performance, averaged over three five-task sequences. Cells are colored
using a blue-orange colormap to show performance changes. Blue indicates a positive
change, where a darker shade is better. Orange indicates a negative change, where a
lighter shade is better. We underline numbers that do not reflect a significantly different
task-average distribution from the best, based on a two-sided paired sample t-test.

Method Target Learning Target Forgetting Target Overall Held-out Forgetting

Baseline 43.9 0.0 43.9 76.4

Full +29.9 −25.9 +9.2 −27.4
|– Vision Encoder +9.6 −12.7 −0.5 −10.8
|– Projector +2.3 −0.8 +1.7 −1.3
|– LLM +31.8 −23.5 +13.0 −23.3
|– SA Proj. +24.9 −2.3 +23.1 −0.6
|– SA Proj. (QKV) +14.9 −0.5 +14.5 +0.2
|– MLP +31.1 −19.5 +15.5 −15.7
|– MLP (Gate&Up) +30.5 −4.2 +27.1 −2.1

– Held-out Forgetting. After training the full sequence of target tasks, we
measure the average performance across all eight held-out benchmarks, in
comparison to the base model. Negative values indicate forgetting on general
vision–language ability; positive values indicate positive transfer.

5 Results

5.1 Component tuning on LLaVA-OneVision

Figure 1 previews learning (single–task tuning, left) and forgetting (held-out
along the default sequence, right). Table 1 summarizes the four sequence-level
metrics on LLaVA-OneVision for each component-tuning configuration, averaged
over three five-task curricula whose task sequences and detailed results are in
the Appendix. Entries are percentage-point deltas from the base model; the
baseline row reports absolute scores. For each column, we run paired sample
t-tests on the per-sequence/per-task averages to test whether tuning different
components leads to significantly different per-task learning, forgetting, or overall
performance. We underline numbers that are not significantly different (p > 0.1)
than the best. Detailed single-task and sequential results, together with per-task
performance tables, are provided in the Appendix.

From the table, we find the following patterns:
– Full-model tuning attains large learning but maximizes forgetting:

Target Learning +29.9 is coupled with the worst Target/Held-out Forgetting
(−25.9/−27.4).

– Vision-side updates are weak or near-neutral: the vision encoder yields
a modest Target Learning +9.6 with negative Target Overall −0.5 and Held-out
Forgetting −10.8; projector-only updates result in little change.

– Language-model tuning has the best learning: LLM shows the strongest
Target Learning +31.8 and a solid Target Overall +13.0, but still substantial
Target/Held-out Forgetting (−23.5/−23.3).
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– Self-attention projection is the most stable among LLM choices:
SA Proj. achieves high Target Overall +23.1 with minimal forgetting (Target
−2.3, Held-out −0.6); the conservative variant without WO further reduces
forgetting (Target −0.5, Held-out +0.2) at the cost of learning (+14.5 Tar-
get Overall), indicating over-regularization when the attention write-back is
frozen.

– Regulating the MLP write-back offers the best balance: MLP (Gate&Up)
delivers near-maximal Target Learning +30.5 and the highest Target Overall
+27.1 while keeping forgetting small (Target −4.2, Held-out −2.1); by con-
trast, full-MLP pushes learning slightly higher on the current task +31.1 but
increases forgetting (Target −19.5, Held-out −15.7).
Overall, methods that mainly modify routing/associations (SA Proj. and

SA Proj. (QKV)) or regulate how activated features are projected back (MLP
Gate&Up) provide the most favorable learning–stability trade-off on LLaVA-
OneVision.

5.2 Output-distribution probe (counting bias)
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Fig. 3: Learning–forgetting tracks output–distribution shift. On
LLaVA-OneVision tuned for counting, we plot five curves over log-spaced steps
for LLM, SA Proj., MLP, MLP (Gate&Up) and MLP (LwF). The dashed line repre-
sents the base model. Left: PixmoCount accuracy rises for all methods. Middle: mean
held-out performance drops sharply for LLM and MLP, remains nearly unchanged for
SA Proj., and is preserved by MLP (LwF); Right: the expected likelihood of number
tokens on non-counting captions (LCS-558K [34]) surges for LLM and MLP, stays
near baseline for SA Proj., and has little changes for MLP (LwF).

Forgetting could be caused by interference or loss of access to memory (as
commonly thought), or by biasing responses. We measure numeric-token bias
(NTB) before, during, and after training on counting. Concretely, let C be a fixed
set of numeric tokens (digits and common spelled numerals), and let B = {(I, y)}
be a fixed held-out batch of captioning examples, where I is an image and y its
reference caption. At training step s (with parameters θs), we generate a caption
ŷ for each image I using greedy decoding. At each decoding position j:

NTBs =
1
|B|

∑
(I,y)∈B

[
1
|ŷ|

∑|ŷ|
j=1 maxv∈C pθs

(
v | ŷ<j , xvis(I)

)]
,
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where ŷ<j denotes the generated prefix before position j and pθs(· | ŷ<j , xvis(I))
is the next-token distribution.

Figure 3 shows that the likelihood of outputting numeric tokens for a caption-
ing task is highly correlated with forgetting (Spearman ρ = 0.84; Supplementary
Sec. B.4), over training steps and across methods. We further show the forgetting
effect is also reversible with subsequent fine-tuning (Supplementary Sec. E.6),
and layer-wise analysis attributes most of the induced logit shift to MLP blocks
(Supplementary Fig. 5). These results support the hypothesis that response bias
is a dominant cause of forgetting.

How many people are in this image?

There are 13 people in 
this image.

MLP SA Proj.

What is in the photo?

The photo is a screenshot of a presentation slide. The slide has a title at the top 
that reads "Augmented Reality using Aruco Markers in OpenCV (C++/Python)". 
Below the title, there are two images side by side.
The image on the left shows a painting of a field with yellow flowers. There are 
three black and white QR codes superimposed on the painting. These QR codes 
are likely used for augmented reality purposes, as indicated by the title.
The image on the right shows a real-life photograph of a green field with a dirt 
path leading into the distance. The sky is blue with some clouds. This image 
appears to be the result of using the AR technology described in the title, as it 
seems to have been enhanced or manipulated in some way.
Overall, the slide is demonstrating the use of Aruco markers in OpenCV for 
creating augmented reality effects, where digital information is overlaid onto real-
world images.

There are 13 people in this image.

There are 2 photos in the 
photo.

What is in the photo?

The image is a festive holiday greeting card. The background is white, and there 
are green pine branches with red baubles scattered around the edges. In the 
center, there's a bold red text that reads "SRETAN BOŽIĆ!" which translates to 
"Merry Christmas" in Croatian. Below it, in smaller black text, it says "NOVA 
GODINA," meaning "New Year." There's also a small smiley face at the bottom 
right corner. The overall theme of the image is Christmas and New Year 
celebrations.

There are 6 Christmas 
ornaments in the photo. 
There are 4 Christmas 
trees in the photo. There 
is 1 text in the photo.

Fig. 4: Visualizations on counting and captioning examples after tuning MLP and
SA Proj. on the counting task. The counting and examples are sampled from the
PixmoCount dataset and the LCS-558K [34] dataset, respectively.

Qualitative results on counting and captioning. Figure 4 contrasts the
output on counting and captioning tasks for models that have tuned MLP or
SA Proj weights for 1K steps on PixmoCount. Both answer counting questions
correctly, but the model with SA Proj tuning retains detailed captioning ability,
while the MLP tuning leads to reframing captioning as counting statements,
such as “There are 2 photos in the photo” (second row). This pattern suggests
that MLP tuning does not erase visual understanding (objects and relations are
still recognized) but biases the output distribution.

5.3 Beyond LLaVA-OneVision: generalization to other backbones

We further repeat the default five-task curriculum on two additional backbones,
LLaVA-NeXT (LLaMA-3 8B) and Qwen2.5-VL (7B), using the same training
protocol and sequence-level metrics as for LLaVA-OneVision. For vision side
updates, we tune the vision encoder and projector jointly, since they form a single
interface that produces the visual token sequence consumed by the language
model.



How To Teach Large Multimodal Models New Skills? 13

Table 2: Component-level tuning experiments with LLaVA-NeXT and Qwen2.5-
VL. "T" represents "Target" and "H" is for "Held-out". Underlined text of each column
denotes the best method.

Method LLaVA-NeXT (LLaMA-3 8B) Qwen2.5-VL (7B)

T. Learn T. Forget T. Overall H. Forget T. Learn T. Forget T. Overall H. Forget

Baseline 31.5 0.0 31.5 59.9 52.1 0.0 52.1 77.9

Full +31.7 −20.3 +15.4 −32.0 +17.3 −5.2 +13.1 −17.5
|– Vision + Projector +0.1 −1.8 −1.3 −13.4 +12.1 −9.1 +4.9 −6.2
|– LLM +36.2 −21.2 +19.3 −35.9 +16.8 −5.9 +12.1 −24.6
|– SA Proj. +28.3 −7.9 +21.9 −7.7 +16.1 −1.6 +14.9 +0.6
|– MLP +34.9 −10.3 +26.6 −16.3 +17.7 −4.8 +13.9 −10.9
|– MLP (Wgate,Wup) +28.0 −8.9 +20.9 −8.7 +16.8 +0.4 +17.1 −4.6

Across both backbones, the broad picture echoes LLaVA-OneVision: updat-
ing the language model is consistently effective for learning new skills; full-model
and full-LLM tuning achieve large target task gains but come with the largest
drops on held-out. Within the LM, two settings stand out as robust: self-attention
projections deliver meaningful target learning with small held-out change, and
MLP (Gate&Up) preserves most of the learning of full-MLP while limiting for-
getting. There are, however, model-specific nuances worth noting. For example,
on LLaVA-NeXT, MLP achieves the greatest target-overall improvement but
incurs a noticeably larger held-out decrease than SA Proj. or Gate&Up, which
remain the most stable choices. LLaVA-NeXT is much more susceptible to for-
getting in general than the other models. On Qwen2.5-VL, SA Proj. is par-
ticularly stable: held-out performance is maintained or slightly improved; MLP
(Gate&Up) attains the best target-overall score with near-zero target forget-
ting; vision + projector tuning also yields non-trivial target gains with moder-
ate stability cost, in contrast to its weaker effect on LLaVA-NeXT. Though
Qwen2.5-VL appears to learn less, it is worth noting that its baseline per-
formance is much higher than that of other models. Overall, taking LLaVA-
OneVision, LLaVA-NeXT, and Qwen2.5-VL together, the clearest cross-model
takeaway is to prefer SA Proj. when stability on held-out is paramount and MLP
(Gate&Up) when seeking near-maximal target learning with limited forgetting;
projector-only updates are generally weak, and full-model / full-MLP tuning
maximizes short-term gains at a clear stability cost.

5.4 Mitigating forgetting

Comparisons to Continual Learning Baselines. Recent continual learning
methods for multimodal models often rely on highly specialized architectures
or are restricted to discriminative VQA settings [32, 50, 71]. Because our goal
is to evaluate open-ended generative capabilities across diverse skills without
storing rehearsal data, we benchmark against the fundamental, widely applica-
ble pillars of continual learning: Regularization (LwF) [30], Parameter-Efficient
Tuning (LoRA) [17], Model Expansion (MoE), and Weight Averaging (WiSE-
FT) [68]. See Supplementary Sec. F for method details.
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Fig. 5: Comparison of different continual learning techniques in the default sequential
task curriculum. For LwF, WiSE-FT, only the MLP layers are tuned. LoRA adapters
are wrapped only on the MLP layers. MoE is also applied to the MLP layers.

Figure 5 compares our selective tuning recipes to these baselines. Two pat-
terns emerge. First, SA Proj. and MLP (Gate&Up) provide the best learn-
ing–stability trade-off: SA Proj. keeps held-out performance essentially flat while
achieving meaningful target gains, and MLP (Gate&Up) delivers stronger target
improvements with only a small held-out change, being substantially more stable
than MLP. Second, among the compared methods, WiSE-FT can preserve held-
out accuracy better than LwF but requires careful selection of task-dependent
blending coefficients; LwF reliably curbs forgetting yet may impact target task
gains; MoE and LoRA do not match the learning–stability balance of SA Proj. or
MLP (Gate&Up), with LoRA often lagging behind on target performance. Also
note that selective tuning is highly training-efficient. When evaluated on 4×H100
GPUs, our SA Proj. method achieves a throughput of 1.46 samples/sec, outper-
forming LoRA (1.27 samples/sec) and MoE (0.44 samples/sec), as it avoids the
forward/backward pass overhead associated with adapter modules and routing
logic (detailed in Supplementary Sec. E.5). Overall, selectively tuning SA Proj.
or the MLP Gate&Up pair matches or exceeds these mitigation methods while
remaining simple (no extra modules, no replay, no per-stage weight blending).

6 Conclusion

To answer our titular question, we can teach LMMs new skills by restricting
tuning to SA Proj. or MLP Gate&Up layers or applying LwF-like knowledge
distillation [29]. These approaches all limit forgetting by constraining output
distribution shift, leading to strong performance in serial task learning while
retaining existing capabilities. We demonstrate the strong relationship between
measured forgetting and output shift with a counting bias probe and layerwise
logit analysis, explaining how “forgetting” from fine-tuning on one task can be
recovered by fine-tuning on another. These results and recommendations for how
to manage the learning-forgetting trade-off hold across three model families, as
validated with five target skills and eight broad benchmarks.
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Limitations. A primary limitation of our work is that our evaluation does not
extend to massive or commercial multimodal models. Furthermore, we have not
tested whether the selective tuning recipes are still effective when scaling the
training data to billions of samples.
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