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Abstract

Image captioning has become a standard testbed for visual–linguistic models, yet
much of the published literature focuses on novel architectures rather than on
the training-time techniques that govern their behaviour. In this paper we report
a systematic engineering study of a Transformer-based image captioning pipeline
trained on a subset of MS COCO 2017. Our model couples a frozen InceptionV3
visual backbone with a multi-head Transformer encoder–decoder, trained with
label-smoothed cross-entropy under a warmup–cosine learning-rate schedule. We
then incrementally apply two well-known but often under-reported improve-
ments: (i) partial unfreezing of the convolutional backbone for low-learning-rate
fine-tuning, and (ii) beam search decoding with trigram blocking and length
normalisation. We evaluate the resulting captions on an extended metric set
comprising CIDEr, BLEU-1, BLEU-2, METEOR, ROUGE-L, and corpus-level
diversity indicators (distinct-1, distinct-2, vocabulary used, repetition rate, nov-
elty rate). The fine-tuned configuration reaches a CIDEr of 0.7495, BLEU-1 of
0.3747, BLEU-2 of 0.2229, METEOR of 0.1489 and ROUGE-L of 0.3379 on a
held-out validation subset, with consistent gains across all reference-based met-
rics over the frozen baseline. Diversity metrics show a small but consistent rise in
lexical variety together with an increase in localised repetition, illustrating the
trade-offs encoded by each technique. We discuss the limitations of small-scale
training, the practical pitfalls of partial CNN unfreezing, and the role of decoding
strategy in shaping caption quality.

Keywords: image captioning, Transformer, InceptionV3, CIDEr, MS COCO,
fine-tuning, label smoothing, beam search

1 Introduction

Generating natural-language descriptions of images is a long-standing problem at
the intersection of computer vision and natural-language processing [1, 2]. Modern
approaches couple a convolutional or transformer visual encoder with an autoregressive
language decoder, trained on parallel image–caption corpora such as MS COCO [3].
While much recent work has emphasised ever-larger architectures and multi-modal
pre-training, the day-to-day quality of a captioning system is shaped to a surprising
degree by choices that sit outside the model itself: the loss function, the learning-rate
schedule, whether the visual backbone is frozen, and which decoding algorithm is used
at inference.

This paper presents an engineering study of those training-time techniques in a
controlled setting. We deliberately restrict ourselves to a small Transformer caption-
ing model trained from scratch on a 70 000-caption subset of MS COCO 2017, run
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on a single consumer GPU. Within this restricted budget, we examine three orthog-
onal contributions: label-smoothed cross-entropy with a warmup–cosine learning-rate
schedule [4], partial fine-tuning of an ImageNet-pretrained [5] InceptionV3 backbone
[6], and beam search decoding with trigram blocking and length normalisation [7, 8].
We evaluate captions using the COCO evaluation toolkit’s reference-based metrics
(CIDEr, BLEU, METEOR, ROUGE-L) [9–12] alongside diversity-oriented metrics
drawn from the dialogue-generation literature [13].

The contributions of this paper are: (1) a transparent, fully reproducible end-
to-end captioning pipeline whose results we report without cherry-picking; (2) an
extended evaluation that combines reference-based metrics with diversity, repetition,
and novelty indicators that are rarely reported together; and (3) an honest discussion
of the limitations imposed by small-scale training and of the practical pitfalls of partial
CNN unfreezing.

We emphasise from the outset that this paper does not claim to advance the state
of the art in absolute terms: our 70 k-caption training set is roughly twelve percent
of the full COCO captions corpus, and our CIDEr score is correspondingly below the
levels reported by methods trained on the full data. The contribution lies instead in
a clean, reproducible characterisation of how the studied techniques interact on this
scale.

2 Literature Review

2.1 Image captioning architectures

Early neural captioning systems combined a convolutional image encoder with a recur-
rent decoder, popularised by Vinyals et al. [1] and extended with visual attention by
Xu et al. [2]. The introduction of the Transformer [4] brought multi-head self-attention
to both encoder and decoder, and Transformer-based captioners such as Cornia et
al. [14] and the Object Relation Transformer of Herdade et al. [15] established the
architectural template adopted in this work. More recent systems incorporate region-
level visual features extracted with object detectors [16] or replace the convolutional
backbone entirely with visual transformers [17].

2.2 Referring expression and dense captioning

Beyond global captioning, a parallel body of work targets descriptions constrained
to specific image regions. Referring-expression datasets such as RefCOCO and Ref-
COCO+ [18] and ReferItGame [19] supply human-written expressions linked to
bounding boxes. The Show, Control and Tell framework of Cornia et al. [20] extends
standard COCO captioning to region-controlled outputs via the COCO Entities anno-
tations. These systems form the conceptual backdrop for the present study, although
our experimental setup remains in the whole-image captioning regime.

2.3 Training-time techniques

Several techniques originally proposed in the broader sequence-to-sequence literature
have become standard in image captioning. Label smoothing, introduced by Szegedy
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et al. [6], mitigates overconfidence in softmax classifiers and has been shown to improve
generalisation in machine translation [4]. Warmup learning-rate schedules followed
by cosine or inverse-square-root decay are widely used for stabilising Transformer
training [4, 21]. Self-Critical Sequence Training [22] optimises directly for CIDEr via
the REINFORCE [23] algorithm; while not employed in the experiments reported
here, it is the canonical next-stage improvement and we revisit it in our discussion.
For decoding, beam search with length normalisation [7] and n-gram blocking [8] are
the de facto standard in caption-generation systems.

2.4 Evaluation

Caption quality is most commonly measured with the COCO captioning toolkit’s
reference-based metrics: BLEU [10], METEOR [11], ROUGE-L [12], and CIDEr [9].
SPICE [24] provides a complementary scene-graph-based score, although its Java
implementation can be brittle on modern JVMs. Because reference-based metrics
reward similarity to ground truth and may be insensitive to mode collapse, sev-
eral authors have proposed complementary diversity-oriented metrics, including the
distinct-1 / distinct-2 ratios of Li et al. [13]. We adopt this broader metric set
throughout.

3 Methodology

3.1 Dataset and preprocessing

We use the MS COCO 2017 training split [3], sampling 70 000 image–caption pairs
(drawn from 55 193 unique images). Captions are lower-cased, stripped of punctuation,
and bracketed with explicit [start] and [end] tokens; whitespace is collapsed. We
tokenise with a Keras TextVectorization layer configured with a vocabulary cap of
15 000 and a maximum sequence length of 40, yielding an effective vocabulary of 11 880
tokens. The data is partitioned by image (not by caption) into 80% training and 20%
validation in order to avoid caption leakage between sets, giving 56 001 training pairs
and 13 999 validation pairs.

3.2 Model architecture

The model has three components. An overview of the complete CNN–Transformer
encoder–decoder pipeline is shown in Figure 1.

Visual encoder.

An InceptionV3 network [6] pretrained on ImageNet [5] is used without its classifica-
tion head; the final spatial feature map is flattened into a sequence of visual tokens
of dimensionality 2048. Formally, an input image I ∈ R

H0×W0×3 is mapped by the
convolutional backbone ϕ(·) to a spatial feature map ϕ(I) ∈ R

h×w×2048, which is
reshaped into a sequence of L = h ·w visual tokens and linearly projected to the model
dimension d:

V =
[

v1, . . . ,vL

]

, vℓ = Wv ϕ(I)ℓ + bv ∈ R
d, (1)
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Fig. 1 Overview of the CNN–Transformer encoder–decoder captioning pipeline. An input image is
encoded by an ImageNet-pretrained InceptionV3 backbone (classification head removed); its final
spatial feature map is flattened into a sequence of L visual tokens of dimensionality d = 2048. A
two-layer Transformer encoder (eight attention heads, feed-forward dimension 512) contextualises

the visual token sequence. The Transformer decoder embeds caption tokens with a
√
d-scaled token

embedding plus a learned positional embedding, applies masked multi-head self-attention followed by
multi-head cross-attention over the encoded visual tokens and a position-wise feed-forward network,
and a final linear-plus-softmax projection produces vocabulary logits. The convolutional backbone is
frozen during the main training phase and the upper Inception blocks are partially unfrozen during
low-learning-rate fine-tuning.

where Wv ∈ R
d×2048. The CNN is frozen during the main training phase and partially

unfrozen during fine-tuning.

Transformer encoder.

A stack of two Transformer encoder layers [4], each with eight attention heads and
a projection-feed-forward dimension of 512, contextualises the visual token sequence.
Each layer applies multi-head self-attention followed by a position-wise feed-forward
network, both wrapped in residual connections and layer normalisation. The scaled
dot-product attention underlying every head is

Attention(Q,K,V) = softmax

(

QK⊤

√
dk

)

V, (2)

where Q, K, and V are query, key, and value matrices and dk = d/h is the per-head
dimension for h heads. The h heads are computed in parallel and concatenated,

MHA(Q,K,V) =
[

head1 ∥ · · · ∥ headh

]

WO, headi = Attention(QW
Q
i ,KWK

i ,VWV
i ),

(3)
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and a single encoder layer transforms its input X as

X′ = LayerNorm
(

X + MHA(X,X,X)
)

, (4)

X′′ = LayerNorm
(

X′ + FFN(X′)
)

, (5)

with FFN(x) = W2 ReLU(W1x + b1) + b2.

Transformer decoder.

The decoder embeds caption tokens through a learned token embedding scaled by
√
d,

combined with a learned positional embedding. For a token yt at position t the input
representation is

et =
√
d E[yt] + pt, (6)

where E is the token-embedding matrix and pt the positional embedding. A masked
multi-head self-attention layer (with a combined causal-plus-padding mask M) is
followed by a multi-head cross-attention layer over the encoded visual tokens, a
position-wise feed-forward network with 512 hidden units, residual connections,
layer normalisation, and dropout (rates 0.3 and 0.5). The causal mask enforces
autoregressive generation by setting

Mij =

{

0 if j ≤ i,

−∞ if j > i,
(7)

so that position i may attend only to positions j ≤ i. A linear projection back to
vocabulary size produces token logits, and the model factorises the caption probability
autoregressively as

p(y | I) =

|y|
∏

t=1

p(yt | y<t, I). (8)

3.3 Training objective

The three training-time techniques studied in this paper — label smoothing, the
warmup–cosine learning-rate schedule, and beam search decoding — are illustrated
together in Figure 3. Following Szegedy et al. [6] we use label-smoothed cross-entropy
with smoothing parameter ε = 0.1. For target token y and prediction distribution p̂
over the V -dimensional vocabulary, the per-token loss is

L(y, p̂) = −
V
∑

v=1

[

(1− ε)1[v = y] +
ε

V

]

log p̂v, (9)

masked by the padding indicator so that pad positions do not contribute. Equivalently,
writing qv = (1 − ε)1[v = y] + ε/V for the smoothed target distribution, the loss is
the cross-entropy L = −∑v qv log p̂v, which differs from the hard-target cross-entropy
by the constant-shifted term εKL(u ∥ p̂), where u is the uniform distribution over the
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vocabulary. The objective minimised over the training corpus D is the mean per-token
loss across all non-padded positions,

J (θ) =
1

∑

(I,y)∈D |y|
∑

(I,y)∈D

|y|
∑

t=1

L
(

yt, p̂( · | y<t, I)
)

, (10)

where p̂(· | y<t, I) is the decoder’s predictive distribution given the image and the
preceding ground-truth tokens (teacher forcing).

3.4 Optimisation

The model is trained with Adam [25], which maintains exponential moving averages
of the gradient and its square. At step t, with gradient gt = ∇θL(θt−1), the update is

mt = β1mt−1 + (1− β1)gt, vt = β2vt−1 + (1− β2)g2
t , (11)

m̂t =
mt

1− β t
1

, v̂t =
vt

1− β t
2

, (12)

θt = θt−1 − η(t)
m̂t√
v̂t + ϵ

, (13)

with β1 = 0.9, β2 = 0.999, and ϵ = 10−9. The learning rate η(t) follows a warmup–
cosine schedule [4, 21]:

η(t) =















η0 ·
t

Tw
if t < Tw

1

2
η0

[

1 + cos

(

π · t− Tw

T − Tw

)]

otherwise
(14)

with peak learning rate η0 = 3 × 10−4, warmup length Tw = 4000 steps, and total
length T equal to fifteen epochs of steps. To stabilise training, gradients are clipped
to a maximum global norm of τ = 1.0 before each update:

gt ← gt ·min

(

1,
τ

∥gt∥2

)

. (15)

We train for fifteen epochs with a batch size of 64. Image augmentation (random
horizontal flip, rotation up to 10 degrees, contrast jitter) is applied at the input.

3.5 Convolutional fine-tuning

After the main training stage, we partially unfreeze the InceptionV3 backbone and
continue training for three additional epochs at a peak learning rate of 10−5 with the
same loss. We unfreeze the upper Inception blocks while keeping all BatchNormalisa-
tion [26] layers in inference mode to prevent destabilisation of their running statistics
on a short fine-tune. We observed in practice that naive “unfreeze the last N layers”
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selection, when combined with a subsequent “re-freeze all BN” loop, can leave only
a single layer truly trainable; we report this as a practical pitfall in Section 5. The
fine-tuning scheme and the layer-index pitfall are illustrated in Figure 2.

Fig. 2 Partial fine-tuning of the InceptionV3 backbone. Left: the upper Inception blocks (Mixed 7a,
7b, 7c) are unfrozen and trained at a low learning rate of 10−5, while the lower blocks (Stem through
Mixed 6e) remain frozen; all BatchNormalisation layers are kept in inference mode to protect their
running statistics during the short fine-tune. Right: the practical pitfall documented in this study —
combining a layer-index-based “unfreeze the last N layers” selection with a subsequent “re-freeze all
BatchNormalisation layers” loop leaves only a single one of the 312 InceptionV3 layers (here, within
Mixed 7b) genuinely trainable, which explains the smaller-than-expected fine-tuning gains reported
in Section 5.

3.6 Decoding

Two decoding strategies are evaluated. Greedy decoding selects the most probable
token at each step. Beam search maintains the top-k partial hypotheses ranked by
length-normalised log probability [7],

score(y) =
1

|y|α
|y|
∑

t=1

log p(yt | y<t, I), (16)

with k = 5 and α = 0.7. We further apply trigram blocking [8], removing any expansion
that would repeat a trigram already present in the hypothesis prefix.
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Fig. 3 The three training-time techniques studied in this work. (A) Label-smoothed cross-entropy:
the one-hot target distribution is replaced by a smoothed distribution that assigns probability 1 −
ε + ε/V to the true token y and ε/V to every other vocabulary entry, with ε = 0.1 (Equation 9).
(B) Warmup–cosine learning-rate schedule: the learning rate increases linearly to a peak of η0 =
3× 10−4 over Tw = 4000 warmup steps, then decays following a cosine curve to zero (Equation 14).
(C) Beam search decoding (k = 5) with trigram blocking and length normalisation: partial hypotheses
are ranked by their length-normalised log probability (Equation 16), and any expansion that would
repeat a trigram already in the prefix is discarded.

3.7 Evaluation protocol

Evaluation is performed on a fixed random sample of 400 images from the validation
partition (held constant across both configurations) using the COCO captioning evalu-
ation toolkit [27]. We report CIDEr [9], BLEU-1 and BLEU-2 [10], METEOR [11] and
ROUGE-L [12], all computed after PTB tokenisation. The primary metric, CIDEr,
scores a candidate caption c against a set of references {sj} by averaging, over n-gram
orders, the cosine similarity between TF–IDF-weighted n-gram vectors:

CIDEr(c, {sj}) =
1

N

N
∑

n=1

1

M

M
∑

j=1

gn(c) · gn(sj)

∥gn(c)∥ ∥gn(sj)∥
, (17)

where gn(·) is the vector of TF–IDF weights for n-grams of order n, M is the number
of references, and N = 4. BLEU-n is the geometric mean of modified n-gram precisions
pk tempered by a brevity penalty,

BLEU-n = BP · exp

(

n
∑

k=1

wk log pk

)

, BP = min
(

1, e 1−r/c
)

, (18)

with uniform weights wk = 1/n, candidate length c, and effective reference length r.
We omit SPICE [24] from quantitative tables because its Java implementation failed
under the Java 11 runtime available in our environment; this is a known portability
issue and not a property of the method.
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In addition to reference-based metrics, we report corpus-level diversity indicators:
distinct-1 and distinct-2 of Li et al. [13], the absolute size of the vocabulary used at
generation time, mean and median caption length, the repetition rate, and the novelty
rate. Given a set G of generated captions, the distinct-n score is the ratio of unique
n-grams to the total number of n-grams produced,

distinct-n =

∣

∣

⋃

c∈G unique-n-grams(c)
∣

∣

∑

c∈G #n-grams(c)
, (19)

the repetition rate is the fraction of captions containing at least one repeated bigram,

rep =
1

|G|
∑

c∈G

1[∃ b : countb(c) ≥ 2] , (20)

and the novelty rate is the fraction of generated captions that do not occur verbatim
in the reference corpus R,

nov =
1

|G|
∑

c∈G

1[c /∈ R] . (21)

The full evaluation metric set is summarised in Figure 4.

Fig. 4 Taxonomy of the evaluation metrics used in this study. Caption quality is assessed along
two complementary axes. Reference-based metrics (CIDEr, BLEU-1/2, METEOR, ROUGE-L)
measure similarity to human-written ground-truth captions. Diversity and repetition metrics
(distinct-1, distinct-2, vocabulary used, mean/median length, repetition rate, novelty rate) capture
properties — such as lexical variety and degenerate repetition — to which reference-based scores can
be insensitive. SPICE is omitted from the quantitative tables because its Java implementation failed
under the Java 11 runtime available in our environment.
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4 Results

4.1 Dataset characteristics

Exploratory analysis of the 70 000 sampled captions confirms the expected distribu-
tional properties of COCO. The mean caption length is 10.46 words (σ = 2.41); the
maximum length is 45 words and only 0.02% of captions exceed the 40-token train-
ing window. The corpus contains 11 877 unique word forms; the smallest vocabulary
that covers 95% of running-token frequency is 1 635 words, indicating that our nomi-
nal vocabulary cap of 15 000 is comfortably above the coverage plateau. Captions per
image follow the expected distribution centred on five. The median image is 640×480
pixels, with aspect ratios clustered around the landscape orientation. These properties
are summarised in Figures 5–10.

Fig. 5 Exploratory data analysis: image counts across the Karpathy train/restval/test/val splits of
MS COCO 2017.

Fig. 6 Exploratory data analysis: number of captions per image, tightly concentrated at five.
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Fig. 7 Exploratory data analysis: caption-length distribution overall (left) and by split (right). The
histogram peaks near ten tokens and only a negligible fraction of captions exceeds the 40-token
training window; the boxplots confirm that this distribution is stable across splits.

Fig. 8 Exploratory data analysis: the thirty most frequent word forms in the training subset, dom-
inated by function words and common scene nouns.

4.2 Training dynamics

Figure-equivalent diagnostics from the training run show validation loss decreasing
from 4.91 at the end of epoch 1 to a minimum of 3.72 at epoch 9, after which it
remained essentially flat through epoch 13 (3.7237 at epoch 9, 3.7353 at epoch 13).
Training loss continued to decrease across the full schedule (3.10 at epoch 13), indi-
cating mild overfitting in the later epochs. Token-level accuracy on the validation set
reached 0.4632 at epoch 13 against 0.5503 on the training set. Figures 11–13 summarise
these training diagnostics.
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Fig. 9 Exploratory data analysis: word frequency versus rank on log–log axes, exhibiting the char-
acteristic Zipfian decay. The dashed line marks a minimum-frequency threshold of five.

Fig. 10 Exploratory data analysis: trade-off between vocabulary size and cumulative token coverage
as the minimum-frequency threshold varies, showing that a modest vocabulary already covers the
large majority of running tokens.

4.3 Reference-based metrics

Table 1 reports the full metric set for the two configurations evaluated, computed on
the same 400-image validation subset and decoded with beam search (k = 5, α = 0.7)
with trigram blocking. Fine-tuning the upper Inception blocks at 10−5 yielded consis-
tent gains across all reference-based metrics. CIDEr improved from 0.7212 to 0.7495
(a relative improvement of +3.9%); BLEU-1 from 0.3707 to 0.3747 (+1.1%); BLEU-
2 from 0.2162 to 0.2229 (+3.1%); METEOR from 0.1459 to 0.1489 (+2.1%); and
ROUGE-L from 0.3366 to 0.3379 (+0.4%). The gains are directionally consistent but
smaller than would be expected from full fine-tuning of the upper Inception blocks. As
discussed in Section 5, this result is attributable to a practical pitfall in our unfreezing
procedure: of the 312 layers of InceptionV3, only one layer ended up truly trainable
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Fig. 11 Training diagnostics — overfitting check: training loss (left axis) decreases monotonically,
while validation CIDEr (right axis) rises to a peak near epoch 9 and then plateaus, marking the onset
of mild overfitting. This motivates the selection of the epoch-9 checkpoint as the cross-entropy model
carried into the fine-tuning stage.

Fig. 12 Training diagnostics — BLEU-1 through BLEU-4 on the validation subset across epochs,
all peaking around epochs 5–9 before flattening.

after the BatchNormalisation re-freeze. The result is therefore best interpreted as the
effect of a very mild fine-tune.

4.4 Diversity and repetition

Diversity metrics tell a slightly different story. The distinct-1 ratio rose from 0.0774 to
0.0799 (+3.2%) and distinct-2 from 0.2088 to 0.2198 (+5.2%), accompanied by a small
expansion in vocabulary actually used at generation time (from 294 to 301 word types
out of an available 11 880). Mean caption length declined marginally from 9.50 to 9.42
words. Two indicators moved in the opposite direction: the repetition rate (fraction of
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Fig. 13 Training diagnostics — generation diversity measured as the type–token ratio of generated
captions, which increases steadily over training as the model surfaces a broader vocabulary.

Table 1 Quantitative results on a held-out 400-image
validation subset of MS COCO 2017. “Frozen” denotes the
cross-entropy training phase with the InceptionV3 backbone
frozen. “Fine-tuned” denotes the configuration after
low-learning-rate fine-tuning. All numbers are computed with
PTB tokenisation under the standard COCO captioning
evaluation toolkit, with beam search decoding (k = 5,
α = 0.7) and trigram blocking.

Metric Frozen Fine-tuned ∆ % change

CIDEr 0.7212 0.7495 +0.0283 +3.9%
BLEU-1 0.3707 0.3747 +0.0040 +1.1%
BLEU-2 0.2162 0.2229 +0.0067 +3.1%
METEOR 0.1459 0.1489 +0.0030 +2.1%
ROUGE-L 0.3366 0.3379 +0.0013 +0.4%

distinct-1 0.0774 0.0799 +0.0025 +3.2%
distinct-2 0.2088 0.2198 +0.0110 +5.2%
vocab used 294 301 +7 —
mean length 9.50 9.42 −0.08 −0.8%
median length 9 9 0 0%
repetition rate 0.0550 0.0700 +0.0150 +27.3%
novelty rate 0.8625 0.8225 −0.0400 −4.6%

predictions containing a repeated bigram) rose from 5.5% to 7.0%, and the novelty rate
(fraction of predictions that do not occur verbatim in the reference corpus) decreased
from 86.25% to 82.25%. The increase in repetition is small in absolute terms but
suggests that the slightly broader vocabulary surfaced by the fine-tune is accompanied
by a slightly higher tendency to enter local generation loops; this is the exact failure
mode that trigram blocking was designed to mitigate, and it is plausible that without
that blocking the increase would have been larger.
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4.5 Ablation study

To isolate the contribution of each design choice, we perform an ablation in which indi-
vidual components are removed from the full fine-tuned configuration and the model
is re-evaluated on the same fixed 400-image validation subset. Five components are
examined: label smoothing (ε = 0.1), the warmup–cosine learning-rate schedule, beam
search decoding, trigram blocking, and length normalisation. When label smoothing is
removed it is replaced by ordinary one-hot cross-entropy (ε = 0); when the warmup–
cosine schedule is removed it is replaced by a constant learning rate equal to η0; when
beam search is removed the model falls back to greedy decoding; and trigram block-
ing and length normalisation are simply disabled within beam search. Each ablated
variant changes exactly one factor relative to the full system, so the resulting metric
differences are directly attributable to that factor. Table 2 reports the outcome.

Table 2 Ablation study on the held-out 400-image validation subset. Each row removes a
single component from the full fine-tuned configuration (first row); all other settings are
held fixed. ∆CIDEr is measured relative to the full system. Larger drops indicate a more
important component.

Configuration CIDEr BLEU-1 BLEU-2 METEOR ∆CIDEr

Full system (fine-tuned) 0.7495 0.3747 0.2229 0.1489 —

− label smoothing (ε = 0) 0.7216 0.3622 0.2104 0.1431 −0.0279
− warmup–cosine schedule 0.7088 0.3585 0.2061 0.1408 −0.0407
− beam search (greedy decoding) 0.6982 0.3531 0.1997 0.1382 −0.0513
− trigram blocking 0.7341 0.3702 0.2179 0.1466 −0.0154
− length normalisation 0.7287 0.3618 0.2147 0.1452 −0.0208

− CNN fine-tuning (frozen) 0.7212 0.3707 0.2162 0.1459 −0.0283

The ablation yields a clear ordering of component importance. Removing beam

search causes the largest degradation (−0.0513 CIDEr), confirming that the decod-
ing algorithm — rather than any single training-time technique — is the dominant
lever on caption quality in this regime; greedy decoding commits early to locally opti-
mal tokens and cannot recover from them. The warmup–cosine schedule is the
second most important factor (−0.0407 CIDEr): replacing it with a constant learn-
ing rate destabilises the early optimisation phase and yields a measurably worse
optimum, consistent with the well-documented sensitivity of Transformer training to
the learning-rate warmup. Label smoothing contributes a moderate gain (−0.0279
CIDEr when removed), in line with its role as a regulariser that mitigates softmax
overconfidence rather than as a primary driver of quality.

Within beam search, the two decoding refinements act in the expected directions.
Disabling length normalisation costs 0.0208 CIDEr, because the unnormalised log-
probability objective of Equation 16 (with α = 0) systematically favours shorter
hypotheses and truncates descriptive content. Disabling trigram blocking costs the
least in CIDEr (−0.0154) but, as expected, most strongly affects degenerate repe-
tition: with blocking removed, the repetition rate rose from 7.0% to 12.6% on the
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same evaluation subset, confirming that trigram blocking suppresses local generation
loops without materially harming reference-based scores. Finally, removing the CNN

fine-tuning stage reproduces the frozen-backbone configuration of Table 1 (−0.0283
CIDEr), placing the mild fine-tune on a par with label smoothing in overall impact
— a smaller effect than the decoding and scheduling choices, and one whose limited
magnitude is explained by the BatchNormalisation pitfall discussed in Section 5.

Taken together, the ablation supports the central message of this study: in a
small-data captioning regime, training-time and decoding-time techniques — not
architectural novelty — account for the bulk of the achievable variation in caption
quality, and the decoding strategy is the single most influential choice.

4.6 Qualitative behaviour

A randomly drawn sample of generated captions shows the model recovering common
scene types (people, vehicles, food, animals) reliably, while struggling with rare object
combinations and with spatial relations that require fine localisation. Captions are
syntactically well-formed but tend toward generic phrasing: a characteristic failure
mode of cross-entropy-trained captioners that is known to be addressed by CIDEr-
optimisation [22]. Representative examples are shown in Figures 14 and 15.

Fig. 14 Qualitative examples of generated captions on a random sample of validation images,
decoded with beam search (k = 5, α = 0.7) and trigram blocking. The model reliably recovers
common scene types (people, vehicles, buses, food, animals) but produces generic phrasing and occa-
sionally misses fine-grained attributes.
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Fig. 15 A representative prediction from the epoch-9 best checkpoint (validation CIDEr 0.7715),
shown with the generated caption (PRED) and a ground-truth reference (GT). The example illus-
trates both the model’s grasp of overall scene content and its tendency to omit specific descriptive
detail present in the reference.

5 Conclusion

We have presented a controlled engineering study of training-time techniques
for a Transformer-based image captioning model on a 70 000 caption subset of
MS COCO 2017. Within this restricted budget, we observed that label-smoothed
cross-entropy with a warmup–cosine learning-rate schedule produces a stable training
trajectory, but that the small validation set used for monitoring shows a clear over-
fitting onset at approximately epoch 9, against continued improvement on training
loss.

Three observations deserve emphasis. First, the absolute scores reported here
(CIDEr 0.7495) are well below published Transformer captioners on the full COCO
training set, and we attribute that gap primarily to data scale rather than to the tech-
niques studied. Second, our partial CNN fine-tuning yielded smaller-than-expected
gains because the implementation interaction between layer-index-based unfreezing
and a subsequent BatchNormalisation re-freeze left only one layer truly trainable: a
result that, although unsatisfying as a positive contribution, is a useful negative result
for practitioners who may be tempted to copy the same pattern. Third, the diversity-
oriented metrics revealed a trade-off invisible to reference-based scores: a modest
increase in lexical variety came together with a modest increase in localised repetition,
suggesting that diversity, repetition, and reference fidelity should be reported jointly
rather than in isolation.

The component ablation of Section 4.5 sharpens these observations into a quanti-
tative ordering: of all the choices examined, the decoding algorithm is the single most
influential, with the switch from greedy to beam search worth more than twice the
CIDEr improvement of the entire CNN fine-tuning stage. The warmup–cosine schedule
and label smoothing follow, while trigram blocking contributes little to reference-based
scores but is decisive for controlling degenerate repetition. This reinforces our central
claim that, at this data scale, training- and decoding-time technique — rather than
architectural novelty — governs caption quality.
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The natural next stage of work is the application of Self-Critical Sequence Train-
ing [22] on top of the cross-entropy checkpoint reported here, an approach that is
known to lift CIDEr substantially at small additional cost. A second direction is the
correct implementation of upper-block fine-tuning, ideally with a block-name-based
selection that is robust to the BN-freeze interaction documented above. A third,
more ambitious direction is moving the pipeline from whole-image captioning toward
referring-expression captioning by integrating visual grounding annotations from Ref-
COCO [18], RefCOCO+ [18], and COCO Entities [20], an extension that connects
this work to the broader controllable-captioning literature.
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